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Abstract

Retrieval-augmented generation (RAG) systems are commonly im-
plemented as modular pipelines with retrieval, reranking, and gen-
eration stages. End-to-end QA metrics measure final answer quality,
but they provide limited insight into where failures arise. A common
diagnostic approach is oracle intervention, where gold evidence is
injected at a specific stage while the rest of the pipeline remains
unchanged. However, reporting oracle results only as average gains
can lead to coarse conclusions and hide subset-specific failure pat-
terns. We revisit stage-wise oracle analysis for modular RAG and
introduce a split-based bottleneck diagnosis approach based on
gold-evidence intervention. Instead of relying only on global ora-
cle comparisons, we analyze how intervention gains vary across
subsets defined by retrieval outcome and question type, and we ex-
amine representative failure cases. In a 500-sample study on Natural
Questions, we compare a baseline pipeline with Oracle-R, Oracle-
Re, and Oracle-G settings. The results show that intervention gains
are small when retrieval already succeeds but substantially larger
when retrieval fails. They also show that different question types
benefit most from different oracle settings, while some numeri-
cal cases remain difficult even under oracle correction because of
answer-format mismatch.
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1 Introduction

Retrieval-augmented generation (RAG) systems are commonly eval-
uated using end-to-end answer quality metrics such as Exact Match
(EM) and F1 [7, 15]. However, such aggregate evaluation often
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Figure 1: Conceptual motivation for our approach. Average
stage-wise oracle gains can obscure heterogeneous bottle-
necks, whereas split-based diagnosis reveals subset-specific
failure patterns in modular RAG.

obscures which part of the pipeline is responsible for failures. In
modular RAG pipelines, errors may arise from retrieval, rerank-
ing, or generation, but end-to-end scores alone do not indicate
which stage is currently the main source of performance loss. A
straightforward way to analyze stage bottlenecks is through ora-
cle intervention, in which one component is corrected using gold
evidence while the others remain unchanged. For example, one
may force the retriever to include the gold supporting passage or
directly provide gold evidence to the generator. While intuitive,
this analysis is often reported only through average gains across
oracle settings. As a result, it tends to yield coarse conclusions that
fail to capture heterogeneous failure patterns across instances. This
can raise the concern that standard open-domain QA evaluation
may miss deeper reasoning and diagnostic distinctions [12].

This motivates a subset-aware view of oracle analysis. The stage
that most constrains a modular RAG pipeline need not be identical
for all questions. Instead, it may vary with instance-level conditions
such as retrieval success and question form [2, 5, 10, 19, 20]. There-
fore, we move beyond global oracle comparison and introduce a
split-based bottleneck analysis approach based on gold-evidence in-
tervention. Specifically, we examine how oracle gains differ across
question subsets defined by retrieval outcome and surface question
type. Further, we inspect representative qualitative failure cases
on the benchmark dataset. Using a 500-sample study on Natural
Questions (NQ) [14], we compare four settings: a standard baseline
pipeline, Oracle-R, Oracle-Re, and Oracle-G (see Section 3.1 for
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Figure 2: Overview of the proposed stage-wise oracle intervention and split-based bottleneck analysis approach for modular
RAG. (a) Oracle interventions inject or prioritize the gold passage at different stages of the pipeline. (b) Split-based analysis
compares oracle gains across retrieval-outcome and question-type subsets to identify subset-specific bottleneck patterns.

more details). The baseline pipeline consists of BM25 retrieval, a
cross-encoder reranker, and an LLM generator. We stratify ques-
tions by whether the gold passage appears in the BM25 top-k results
(retrieval hit vs. miss), as well as by surface question type. This
allows us to test whether different stages appear relatively more
limiting under different conditions.

Our central claim is that average oracle gains can hide sub-
stantial subset-level variation. When retrieval already succeeds,
downstream processing appears to play a relatively larger role. In
contrast, when retrieval fails, downstream improvements alone
cannot recover missing evidence, making retrieval correction more
consequential. Thus, average oracle comparison alone is insuffi-
cient for characterizing bottlenecks in modular RAG pipelines. The
contributions of this paper are as follows:

e We propose a split-based bottleneck analysis approach that
stratifies questions by retrieval outcome and question type
under gold-evidence intervention.

e We provide empirical evidence that oracle gains alone may
be insufficient to characterize bottlenecks in modular RAG.

e We show that oracle gains vary by retrieval outcome and
question type. We further analyze representative qualita-
tive failure cases that explain retrieval-driven, downstream-
driven, and oracle-resistant errors.

2 Related Work

Retrieval-augmented generation. Early open-domain QA sys-
tems such as DrQA established the retrieve-then-read paradigm
[4]. Subsequent work incorporated retrieval into language model
pretraining [8] and used retrieved passages for generation over mul-
tiple documents [9]. RAG has since become a standard approach for
knowledge-intensive NLP [7, 15]. Recent studies further improve
RAG with adaptive retrieval, self-reflection, evidence-aware genera-
tion, and interleaved retrieval-reasoning [1, 2, 10, 19]. These studies
mainly aim to improve end-to-end performance or generation qual-
ity under retrieval-augmented settings [2, 10, 15]. In contrast, our
work focuses on diagnosing which part of a modular RAG pipeline
limits performance under different conditions.

Oracle-based and component-level analysis. Component-
level analysis is commonly used to understand modular NLP sys-
tems by replacing or controlling one component and measuring the
resulting performance change [3]. In RAG pipelines, gold-evidence
intervention provides a natural way to probe retrieval and down-
stream behavior because retrieval quality strongly affects final QA
performance [7, 15]. For instance, one can inject the gold passage,
promote it in the ranked list, or provide it directly to the genera-
tor to examine how corrected evidence access changes the output
[7, 12]. However, such oracle results are often summarized as ag-
gregate gains in end-to-end evaluation settings, making it difficult
to determine whether the same bottleneck pattern holds [7, 12].
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Instance-dependent behavior in RAG. Recent work suggests
that retrieval needs and generation behavior vary across questions
[2, 10, 19]. Adaptive and self-reflective RAG methods condition
retrieval or generation decisions on the input instance 2, 10]. Cor-
rective and context-aware approaches also show that retrieved
evidence can help or hurt depending on its relevance and how it
is used [5, 20]. These findings motivate our diagnostic question: if
RAG behavior is instance-dependent, then bottlenecks may also
vary by subset [2, 10, 20]. Based on this observation, we use split-
based oracle analysis to examine how bottleneck patterns change
with retrieval outcome and question type.

3 Methodology

3.1 Stage-wise Gold-Evidence Intervention

We consider a modular RAG pipeline with retrieval, reranking, and
generation. Given a question g, the pipeline retrieves candidate
passages, reranks them, and generates an answer conditioned on
the top-ranked passages. To analyze stage-level bottlenecks, we
define three oracle-style intervention settings:

e Baseline: The pipeline uses BM25, a reranker, and an LLM
generator. No oracle is applied.

e Oracle-R: The gold supporting passage is forced into the
retrieved candidate set, while reranking and generation re-
main unchanged. This setting corrects retrieval omission
while preserving downstream behavior.

e Oracle-Re: The gold supporting passage is injected into the
candidate pool and forced to rank first, while the generator
remains unchanged. This controls for both retrieval omis-
sion and ranking error, allowing downstream behavior to be
analyzed under corrected evidence access.

e Oracle-G: The generator is directly given the gold support-
ing passage as context, bypassing retrieval and reranking.
This setting evaluates generation behavior under direct ac-
cess to gold evidence, but it is not a generation oracle that
forces the gold answer.

Remark. We interpret the above settings as controlled gold-evidence
interventions, which are not perfectly isolated module-level upper
bounds. Our goal is not to claim strict causal decomposition, but
to compare how performance changes when evidence access is
corrected at different points in the pipeline.

3.2 Split-based Bottleneck Analysis

We hypothesize that bottleneck patterns are instance-dependent.
To test this, we stratify questions into subsets and compare inter-
vention gains within each.

e Retrieval outcome: We divide questions into BM25-Hit
and BM25-Miss subsets based on whether the annotated
gold supporting passage appears in the top-k retrieved can-
didates. This split directly captures whether the retrieval
stage succeeds under the baseline retriever.

e Question type: We group questions by surface form (who,
when, where, what, and how many/how much) to examine
whether each question type exhibits different bottlenecks.

In this paper, we instantiate the approach using two simple and
interpretable split criteria. The goal is not to claim exhaustiveness,
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Table 1: Overall performance of stage-wise gold-evidence
interventions on NQ with n=500. AEM and AF1 indicate ab-
solute improvements over the baseline (RQ1).

Metric Base Oracle-R Oracle-Re Oracle-G

EM 416 494 .496 518
F1 579 .685 697 .697
AEM - +.078 +.080 +.102
AF1 - +.106 +.118 +.118

but to show that even lightweight subset analysis reveals failure
patterns that average oracle gains alone do not expose.

4 Experiments
We aim to address the following Research Questions (RQs):

e RQ1: How do stage-wise gold-evidence interventions affect
overall pipeline performance?

e RQ2: How do bottleneck patterns vary across question-type
subsets?

e RQ3: How does the observed bottleneck pattern vary with
retrieval outcome?

e RQ4: What qualitative failure cases explain the bottleneck
patterns observed in the quantitative analysis?

4.1 Datasets, Baselines, and Implementation

Dataset. We use the validation split of Natural Questions (NQ)
[14] and select 500 examples with short answers. NQ is one of
several standard open-domain QA benchmarks [11, 17, 22] that
provide annotated answer spans and supporting passages. For each
example, we extract the question, the gold short answer, and a gold
supporting passage built from a local context window around the
annotated answer span. Then, we construct a passage-level mini-
corpus from these gold supporting passages. This controlled setup
makes stage-wise comparisons easier to interpret because retrieved
and oracle evidence are defined at the same granularity. However,
it does not represent a full open-domain retrieval setting.

4.2 (RQ1) Overall Effect of Gold-Evidence
Intervention

Table 1 reports overall performance. All oracle settings improve over
the Baseline, indicating that retrieval, reranking, and generation
each leave room for improvement. Here, AEM and AF1 denote
absolute improvements over the Baseline setting. Oracle-G achieves
the highest EM (.518), while Oracle-Re and Oracle-G reach the
same F1 (.697). The aggregate gains are positive but close: Oracle-R
reaches EM .494, Oracle-Re .496, and Oracle-G .518. These results
do not indicate a single uniformly dominant bottleneck, which
motivates the subset-level analysis.

The gain from Oracle-R suggests that some baseline errors are
caused by retrieval omission, since adding the gold supporting
passage improves EM by .078 and F1 by .106. The additional gain
from Oracle-Re is small in EM but larger in F1, indicating that
ranking the gold passage first helps partial answer overlap more
than exact-match accuracy. Oracle-G achieves the best EM, but it
still does not solve all cases, which means that some errors remain
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Table 2: Oracle performance by question type on NQ. Best EM per subset is shown in bold (RQ2).

who (175) when (87)  where (64) what(88) how many (17)
Setting EM F1 EM F1 EM F1 EM F1 EM F1
Baseline 429 579 517 574 359 576 466  .643  .118 .360
Oracle-R 509 .69 632 713 438 .666 477 713 177 458
Oracle-Re  .531 .718 .644 .732 391 662 .546 .741 .177 458
Oracle-G 543 .706 .701 .797 406 .648 511 .708 .177 458
even when gold evidence is directly provided. Overall, the aggregate EM by Retrieval Outcome BM25.Hit (r-d01
results suggest that retrieval access, evidence ranking, and answer N Bkl
generation all affect performance, but they do not show whether BBM25-Miss (n=99)
60%
the same bottleneck pattern holds for every subset. —
50% ] ]
4.3 (RQ2) Bottlenecks across Question-type o
Subsets E 30%
Whether the same bottleneck pattern holds across question types 0%
is difficult to see from aggregate oracle gains alone. We therefore
. 10% -
compare oracle effects across surface question types. Table 2 shows
that the best-performing oracle setting differs by subset, which is %
Baseline Oracle-R Oracle-Re Oracle-G

consistent with the view that bottlenecks are not globally fixed.
Because some subsets are small and several differences are modest,
we interpret these patterns as diagnostic signals rather than sta-
tistically definitive rankings. The five main surface question types
exhibit different intervention patterns.

When questions benefit most from Oracle-G, which points to
downstream answer extraction or formulation as a possible bottle-
neck for temporal queries. One possible reason is that even when
relevant evidence is available, the model must still select a precise
date or time span to match the annotated short answer. For what
questions, Oracle-Re achieves the highest EM (.546). This pattern
points to the importance of evidence ranking for broad semantic
queries, where the gold passage may be present but not placed
optimally for generation. In contrast, how many questions show
only small and uniform improvement, with EM increasing from
.118 in the baseline to .177 under all three oracle settings. Because
this subset is small (n = 17), the result should be treated as prelimi-
nary. Still, the pattern suggests that some numerical cases may be
limited by answer formatting rather than evidence access. Overall,
the question-type split reveals variation that is not visible from
aggregate oracle gains alone.

4.4 (RQ3) Bottlenecks by Retrieval Outcome

On the 500-sample subset, BM25 retrieves the annotated gold pas-
sage within the top 10 for 80.2% of questions (401/500), with an
average rank of 1.58 among hits. This recall is likely higher than in
a full open-domain setting because the mini-corpus is constructed
from gold supporting passages. The results should therefore be
interpreted within this controlled diagnostic setup. Figure 3 reports
EM separately for BM25-Hit and BM25-Miss examples. This split
reveals a sharper contrast than the aggregate results in Table 1.
On BM25-Hit samples, intervention gains are modest: the largest
improvement is Oracle-G over Baseline (+.030 EM). Once relevant
evidence is retrieved, many remaining errors appear to arise down-
stream. This is consistent with prior work showing that language

Figure 3: EM within each retrieval-outcome subset. Values are
computed separately for BM25-Hit and BM25-Miss subsets.

models may fail to use relevant evidence even when it appears in
context [16]. On BM25-Miss samples, the Baseline achieves EM
.000 and F1 .000 in our experiment. This zero score is not implied
by the split definition, where a model could recover the answer
from alternative retrieved passages or from parametric knowledge.
Instead, it is an empirical observation in our controlled mini-corpus.
When the annotated gold passage is absent from the BM25 top-
10, the baseline does not produce answers with EM or token-level
F1 overlap against the gold short answers. Oracle interventions
then recover substantial performance, suggesting that access to the
annotated evidence is a major limiting factor for this subset.

One further observation is that Oracle-Re slightly outperforms
Oracle-G on the BM25-Miss subset (EM .414 vs. .394). Oracle-Re in-
jects the gold passage into a multi-passage context, whereas Oracle-
G provides it alone; the richer context may affect generation be-
havior under retrieval failure, for example, by changing answer
formatting or refusal behavior. Given the scale of this pilot study,
we treat this as a hypothesis rather than a definitive conclusion.

4.5 (RQ4) Qualitative Failure Cases

Table 3 presents representative question-level failure cases. The
examples illustrate three error patterns: missing evidence, overly
broad answer extraction, and answer-format mismatch. In the nu-
merical case, all settings output 291 episodes instead of the anno-
tated answer 291, which remains incorrect under EM. These cases
show that modular RAG failures are not fully captured by aver-
age oracle gains. Retrieval-driven failures appear in BM25-Miss
examples, where the baseline cannot produce a supported answer
because the gold evidence is absent from the retrieved context.
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Table 3: Representative question-level failure cases from the NQ 500-sample study (RQ4).

Case type Example question Observed outputs

Interpretation

Retrieval failure
anatomy

who died in the plane crash greys  Gold: Lexie. Baseline: I don’t know. Oracle-R/Re/G: Lexie.

The baseline fails without gold evidence, while
the oracle intervention recovers the exact an-
swer.

Extraction failure
can air force unit train
Army Air Field.

where did the first African Ameri-  Gold: Moton Field, the Tuskegee Army Air Field. Baseline: Moton Field, Tuskegee  Evidence is available, but the baseline output is
Army Air Field, Tuskegee University, Alabama. Oracle-G: Moton Field, the Tuskegee  overly broad, causing an exact-match failure.

Oracle-resistant failure
dragon ball z

how many episodes are there in  Gold: 291. Baseline/Oracle-R/Oracle-Re/Oracle-G: 291 episodes.

All settings remain incorrect under EM due to
answer-format mismatch.

In these cases, Oracle-Re and Oracle-G often recover the answer,
indicating that evidence access is the primary limiting factor.

Downstream extraction failures occur even when retrieval suc-
ceeds. Here, the relevant passage is available, but the model pro-
duces an overly long or incorrectly formatted answer, causing an
exact-match failure. This explains why BM25-Hit examples still ben-
efit modestly from Oracle-G. Finally, some examples remain oracle-
resistant. Numerical questions may fail an exact match because the
generated answer includes an additional unit or descriptor, such as
291 episodes instead of 291. These errors are not fully attributable
to retrieval or reranking. Instead, they reflect answer normalization,
formatting, or metric sensitivity. Therefore, the qualitative cases
support the quantitative finding that modular RAG failures are
heterogeneous and are not fully characterized by average oracle
gains alone.

5 Conclusion

Stage-wise oracle analysis is often summarized through aggregate
gains, but such averages provide only a coarse view of bottlenecks
in modular RAG. We introduced a split-based analysis approach
that compares intervention gains across retrieval-outcome and
question-type subsets. In a 500-sample Natural Questions study,
the results indicate that bottleneck patterns are not well described
by a single global trend. We also find variation across question
types, with temporal queries showing larger downstream gains and
numerical queries showing signs of oracle-resistant behavior. Qual-
itative cases illustrate three distinct error types: retrieval-driven,
downstream-driven, and oracle-resistant. Within this controlled
setup, the results point to different directions for improvement de-
pending on the retrieval outcome: retrieval robustness for queries
where gold evidence is missed, and answer extraction precision
when retrieval already succeeds. Whether these priorities general-
ize to other settings remains an open question.

6 Potential Limitations

This study may have limitations. First, the experiments use a con-
trolled mini-corpus constructed from gold supporting passages,
which may yield higher BM25 recall than a full open-domain set-
ting. Second, the experiment is limited to 500 examples from a single
dataset, so the observed patterns may not generalize across datasets.
Third, EM and token-level F1 are sensitive to answer-format mis-
match, as shown by the oracle-resistant numerical cases. Future
work should extend the analysis to additional datasets, retrievers,
and reference-free evaluation frameworks such as RAGAS [6].
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Table 4: Main scripts and their functions.

File Purpose

run_experiments.py Runs baseline and oracle settings
add_labels.py
analyze_hit_miss.py

analyze_question_type.py

Adds question-type labels
Computes BM25-Hit/Miss results
Summarizes results by question type

extract_cases.py Extracts qualitative cases

Supplementary Material

We use BM250kapi [18] from the rank_bm25 package as the re-
triever, BAAT /bge-reranker-v2-m3 [21] as the cross-encoder
reranker, and gpt-4o-mini as the generator. BM25 is a simple
and widely used sparse retrieval baseline [18], which makes in-
tervention effects easier to interpret without the additional train-
ing dynamics of dense retrievers such as DPR [13]. The retrieval
module implements BM25 retrieval and cross-encoder reranking
using the BGE reranker model, while the generation module uses
gpt-4o-mini to produce answers. The generator is prompted in
a zero-shot setting to return the shortest supported answer span,
copy from the context when possible, and avoid answering when
the context does not support the answer. Retrieved passages are
concatenated into a single context, and the model is prompted to
answer only from the provided evidence.

As shown in Table 4, the codebase is organized into four compo-
nents: evaluation, preprocessing and execution scripts, core RAG
modules, and oracle intervention modules. The script directory
includes corpus construction, Natural Questions sample prepara-
tion, experiment runners, and analysis scripts. The oracle module
implements the three intervention settings: Oracle-R, Oracle-Re,
and Oracle-G. We evaluate all settings using Exact Match (EM) and
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token-level F1, which are computed in the evaluation module. In
the baseline pipeline, BM25 retrieves candidate passages, the cross-
encoder scores each query-passage pair and reranks the candidates,
and the generator produces the final answer. In Oracle-R, the gold
passage is added to the retrieved candidate pool. In Oracle-Re, the
candidate pool is constructed to include the gold passage, which
is then forced to the first rank before generation. In Oracle-G, the
gold passage is directly provided to the generator as supporting
context. All settings are evaluated using EM and token-level F1 on
a 500-sample subset of Natural Questions containing short-answer
annotations.

For split-based analysis, we use two lightweight labeling proce-
dures. For retrieval-outcome analysis, analyze_hit_miss.py
labels each question using the original BM25 top-10 retrieval results
before oracle intervention. A question is labeled as BM25-Hit if
its stored golden_passage exactly appears in the retrieved list,
and as BM25-Miss otherwise. The script then computes average
EM and F1 for the baseline and oracle settings within each subset.

For question-type analysis, add_labels.py assigns surface-
form labels using rule-based prefix matching. Questions beginning
with who, when, where, what, or how many/how much are assigned
to the corresponding type, while all remaining questions are labeled

as Other. These labels are stored in the experiment outputs and
summarized by the question-type analysis script, which reports

average EM and F1 for each oracle setting by question type.
Representative qualitative cases are extracted from the experi-
ment outputs. We select examples recovered after retrieval misses,
BM25-Hit cases where the baseline still fails, and numerical cases
that remain incorrect under oracle settings. These examples form
the qualitative analysis in Table 3.
Code availability. The implementation is available at github.com
/sungchaewon/rag-diagnostics.


https://github.com/sungchaewon/rag-diagnostics
https://github.com/sungchaewon/rag-diagnostics
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