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Abstract

Retrieval-augmented generation (RAG) can
fail when topically relevant passages do not
satisfy the constraints in a question. This
work studies this failure mode in open-domain
QA and introduces CONSTRAINTRAG, a
constraint-aware evidence selection method
for Llama-3.2-1B-Instruct RAG. Given a ques-
tion, CONSTRAINTRAG decomposes it into
evidence checks, labels retrieved passages by
whether they satisfy or violate those checks,
and uses the labels for passage selection and
answer-candidate generation. On 6,515 Nat-
ural Questions examples under a shared gen-
eration budget, CONSTRAINTRAG does not
dominate exact-match baselines, but reveals
a trade-off between span coverage, answer
alignment, and concise output quality. Di-
rect is competitive with BM25 and scalar-
relevance filtering while improving ROUGE-
L, First-candidate obtains the strongest con-
cise ROUGE-L, and Recall reaches 0.4562
subspan exact match by preserving generated
and evidence-derived candidates. The results
suggest that constraint diagnostics are most
useful as evidence-management and candidate-
generation signals, especially when combined
with a final answer verifier. The project page is
available at: https://hoonably.github.io/
cse-archive/constraint-rag.

1 Introduction
Large language models store substantial factual knowl-
edge in their parameters, but parameter updates are ex-
pensive and can damage previously learned behavior.
Retrieval-augmented generation (RAG) addresses this
limitation by retrieving external evidence and condition-
ing generation on that evidence (Lewis et al., 2020).
This study focuses on open-domain question answering
on Natural Questions (Kwiatkowski et al., 2019), where
a retriever supplies Wikipedia passages and a language
model produces a short answer.

A central difficulty is that retrieval relevance is not
identical to answer support. A top-ranked passage can
match the topic of a question while missing a crucial
qualifier such as a date, role, location, or negation.
Such passages are hard negatives: they look useful,

but can push the model toward a nearby wrong answer.
This issue is related to QUEST, where entity-seeking
queries often require satisfying multiple implicit con-
straints rather than matching only a single entity men-
tion (Malaviya et al., 2023).

This work asks whether a lightweight constraint-
violation diagnostic stage can improve RAG answer
quality beyond BM25 rank or scalar LLM relevance
alone. The proposed method, CONSTRAINTRAG, in-
serts question decomposition and passage-level con-
straint diagnostics between retrieval and generation.
Rather than training a new retriever or collecting new
labels, it uses the instruction-following model itself to
identify whether retrieved passages satisfy, miss, con-
tradict, or ignore the constraints implied by the ques-
tion. The diagnostic stage therefore acts as an evidence-
management layer: BM25 provides broad lexical recall,
while the added labels expose which passages satisfy
the constraints needed to answer the question.

The main finding is not a win on all metrics. Af-
ter aligning generation and passage-selection budgets
across Llama-based baselines, zero-shot Llama RAG
obtains the highest concise subspan exact match be-
cause it often emits full-sentence outputs containing the
gold span. A two-example few-shot prompt improves
lexical overlap over zero-shot but not exact-match ac-
curacy, so it serves as a prompt-control baseline. In
contrast, CONSTRAINTRAG variants expose a design
space: Direct is competitive with passage-filtering base-
lines and improves ROUGE, First-candidate produces
the strongest lexical alignment with gold answers, and
Recall shows that constraint-guided candidate gener-
ation recovers many answer spans that single-answer
decoding misses. The contribution is evidence manage-
ment, not a replacement for retrieval scoring.

2 Related Work

Retrieval-augmented generation. RAG combines
parametric generation with non-parametric retrieval so
that a model can answer knowledge-intensive questions
using external evidence (Lewis et al., 2020). The ex-
periments here follow a decoder-only RAG setting with
prompt-based generation, while the original RAG for-
mulation used an encoder-decoder model. Retrieval is
based on the DPR-derived NQ-open setting (Karpukhin
et al., 2020) and Pyserini BM25 over a Wikipedia pas-
sage index (Lin et al., 2021; Robertson and Zaragoza,
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2009).

Open-domain question answering. Natural Ques-
tions contains real questions submitted to Google
Search and annotated with short and long answers
(Kwiatkowski et al., 2019). The experiments use the
DPR-preprocessed NQ-open version with 58,880 train-
ing examples, 6,515 development examples, and a
Wikipedia corpus of about 21 million passages. Because
retrieved contexts include positive, negative, and hard-
negative evidence, the setting is well suited for studying
failures caused by plausible but constraint-mismatched
passages.

Constraint-sensitive retrieval. QUEST studies
entity-seeking retrieval queries involving implicit
set operations such as intersection, union, and dif-
ference (Malaviya et al., 2023). A key lesson is
that topical similarity can hide constraint failures:
a passage may satisfy one condition while failing
another. CONSTRAINTRAG transfers this idea to
RAG evidence selection by prompting the generator
to produce lightweight constraint diagnostics over
retrieved passages, rather than training a new retriever
or collecting new labels.

Small Transformer implementation. A small GPT-
style model is also implemented as part of the complete
experimental system. The model follows the Trans-
former decoder family (Vaswani et al., 2017) and in-
cludes grouped-query attention (Ainslie et al., 2023), ro-
tary positional embeddings (Su et al., 2021), RMSNorm
(Zhang and Sennrich, 2019), feed-forward layers, causal
masking, and task-specific heads. These components are
not the novel contribution, but they provide the required
small-model baselines and the pretrained-vs.-scratch
comparison.

3 Method

3.1 System Components

The small GPT model is a decoder-only Transformer
with a GPT-2 tokenizer, hidden size 512, four layers, 16
attention heads, four key/value heads, head dimension
32, RoPE, RMSNorm, and a feed-forward hidden size
of 2048. The model has approximately 64M trainable
parameters. It is pretrained on 1,048,576 text blocks and
evaluated on 8,096 held-out blocks before downstream
finetuning.

The RAG system uses BM25 to retrieve passages,
formats the retrieved evidence into prompts, and gen-
erates answers with either the finetuned small model
or Llama-3.2-1B-Instruct (Grattafiori et al., 2024). The
Llama-based experiments are the primary setting for
evaluating the proposed evidence-selection mechanism
because the small GPT-style model has very weak down-
stream QA performance.

Figure 1 summarizes the inference-time pipeline of
CONSTRAINTRAG.

Inference procedure. The full inference-time proce-
dure is intentionally simple and does not require training
additional modules:

1. retrieve the top five BM25 passages for the input
question;

2. decompose the question into a small set of evidence
checks;

3. label each retrieved passage as satisfying, missing,
contradicting, or being unrelated to each check;

4. combine BM25 rank with the diagnostic labels to
choose the final evidence set; and

5. decode the selected evidence using one of the out-
put modes described below.

This procedure separates two decisions that are often
conflated in vanilla RAG: whether a passage is topi-
cally relevant, and whether it satisfies the particular
constraints needed to answer the question.

3.2 Constraint Diagnostics
Let a question q imply a set of evidence requirements
C(q) = {c1, . . . , cm}. A retrieved passage p is useful
only if it supports the requirements needed to answer q.
CONSTRAINTRAG approximates this judgment with a
prompted diagnostic stage. For each question, BM25
first retrieves the top k = 5 passages. Llama-3.2-1B-
Instruct then decomposes the question into at most three
short checks, such as answer type, entity, relation, date,
location, or role. For each retrieved passage, the model
assigns one label per check:

satisfied, missing, contradicted, or
unrelated.

Robust parsers handle malformed lists, code fences,
alternate key names, and label aliases.

Given a passage diagnostic, the method counts the
number of satisfied, missing, and contradicted checks
as S(p), M(p), and C(p). The diagnostic score is

d(p) = βS(p)− γM(p)− δC(p), (1)

and the final passage score combines the BM25 score
B(p) with the diagnostic score:

s(p) = αB(p) + d(p). (2)

The final configuration uses α = 1.0, β = 0.75,
γ = 0.15, and δ = 0.25. The selector always preserves
the top BM25 passage as a recall anchor, then fills the
remaining selected slots with diagnostically strong pas-
sages and falls back to BM25 order when needed. Un-
less otherwise stated, the final selected-passage budget
is final_top_k = 3.

This hybrid design reflects a trade-off between recall
and constraint satisfaction. BM25 is reliable for broad
recall but can rank plausible distractors highly, while
diagnostic labels can demote passages that miss or con-
tradict an implicit condition. Keeping the top BM25
passage as an anchor avoids discarding high-recall evi-
dence entirely.



Question: Who wrote variations on Twinkle, Twinkle, Little Star?
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Figure 1: Overview of CONSTRAINTRAG. Given a question, the method retrieves BM25 passages, decomposes
the question into evidence checks, diagnoses whether each passage satisfies or violates those checks, and selects
evidence using both BM25 rank and constraint diagnostics. The selected evidence can then be decoded in different
output modes. In this example, direct generation is still distracted by a plausible Mozart passage, while the
candidate-oriented variants surface the gold answer span.

3.3 Output Variants

The diagnostic selector can be paired with several out-
put formats. This distinction is important because the
evaluation metric rewards different behaviors depending
on output length.

Direct. This variant uses the diagnostic-selected pas-
sages but asks the generator for a direct short answer.
It is the cleanest single-answer version of the method
and is the most appropriate variant when a user-facing
answer must be returned without an additional verifier.

First candidate. This variant prompts the model to
produce a compact answer-candidate list and evaluates
only the first generated candidate after post-processing.
It often yields the most lexically aligned span, but it can
lose exact-match accuracy when the first candidate is an
alias, spelling variant, or near miss.

Candidate-set variants. The Candidates variant eval-
uates the generated candidate list rather than a single
answer. The Recall variant preserves both generated
candidates and evidence-derived candidates, such as
dates and proper nouns extracted from selected passages.
These variants are not concise final-answer systems;
they estimate whether the diagnostic pipeline surfaces
the gold answer somewhere in a candidate set. They are
therefore useful for studying answer coverage and for
motivating reranking or verification.

Because these variants share the same retrieval set-
ting and diagnostic cache when possible, the ablations
mainly isolate output formatting and candidate preser-
vation rather than changes in the underlying evidence
pool.

4 Experimental Setup

Data. All main RAG experiments use the full NQ
development set of 6,515 examples. The small-model
comparisons use the same task structure for pretrained
and scratch checkpoints.

Metrics. Accuracy is normalized subspan exact
match: a prediction is correct if any normalized gold an-
swer appears as a subspan of the normalized prediction.
This rewards answer coverage and can favor verbose
outputs. ROUGE-1, ROUGE-2, and ROUGE-L (Lin,
2004) measure lexical overlap with the reference answer
and penalize long candidate-list outputs.

Fair generation budget. All Llama-based concise
RAG systems are evaluated with the same generation
budget, max_new_tokens = 32. Passage-filtering base-
lines and comparable CONSTRAINTRAG variants use
final_top_k = 3, avoiding a smaller or larger output
budget than the baselines.

Baselines. The comparison includes five non-
proposed systems. The finetuned small RAG baseline
uses the implemented GPT-small model. Llama
zero-shot RAG prompts Llama-3.2-1B-Instruct with
retrieved evidence, while Llama few-shot RAG uses
the same BM25 top-5 retrieval with two in-prompt QA
examples. BM25FilteredRAG selects passages using
only BM25 rank. RelevanceOnlyRAG uses Llama to
assign scalar passage relevance, without constraint-wise
diagnostics.

Implementation details. The final full-development
Llama-based RAG evaluations were run on an NVIDIA
H200 GPU. Runtime measurements are only approxi-
mate cost indicators because they vary with hardware,
batching, and cache state.



Method Accuracy ROUGE-1 ROUGE-2 ROUGE-L

Finetuned small RAG 0.0009 0.0001 0.0000 0.0001
Llama zero-shot RAG 0.3727 0.1268 0.0650 0.1254
Llama few-shot RAG 0.3191 0.1912 0.1027 0.1896
BM25FilteredRAG 0.3288 0.2231 0.1259 0.2215
RelevanceOnlyRAG 0.3225 0.2199 0.1215 0.2179
CONSTRAINTRAG-DIRECT 0.3229 0.2333 0.1307 0.2321
CONSTRAINTRAG-FIRSTCANDIDATE 0.2809 0.3212 0.1846 0.3205
CONSTRAINTRAG-CANDIDATES 0.3863 0.1155 0.0472 0.1143
CONSTRAINTRAG-RECALL 0.4562 0.0296 0.0113 0.0289

Table 1: Main RAG results on the full NQ development set. The first seven rows evaluate concise or single-answer
outputs, while the last two rows evaluate candidate-set outputs for answer coverage.

5 Results

5.1 Default Implementation Results

Figure 2 shows the GPT-small pretraining progress.
Evaluation loss decreases and token accuracy improves
throughout pretraining, indicating that the implementa-
tion learns a stable language-modeling objective. Ta-
ble 2 then shows the small GPT-style downstream com-
parison. Pretraining gives small gains for classification
and small-model RAG, but all downstream numbers
are weak in absolute terms. These results support the
decision to focus the proposed RAG extension on the
Llama-based setting.
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Figure 2: GPT-small pretraining progress. Evaluation
loss decreases during pretraining and saturates near 3.00,
while token accuracy reaches approximately 0.449.

Task Pretrained Scratch

Summarization ROUGE-1 0.0009 0.0013
Classification accuracy 0.0550 0.0471
Small RAG accuracy 0.0009 0.0005

Table 2: Downstream comparison with and without
GPT-small pretraining.

5.2 Main RAG Comparison

Table 1 and Figure 3 present the full-development
RAG results under the fair generation budget. The
strongest concise subspan exact match is obtained by
Llama zero-shot RAG (0.3727), which often emits full-
sentence answers that contain the gold span. As a

secondary prompt control, Llama few-shot RAG with
two in-prompt QA examples reaches 0.3191 accuracy
and improves ROUGE-L over zero-shot (0.1896 vs.
0.1254), but it does not close the exact-match gap.
BM25FilteredRAG reaches 0.3288 accuracy, and Rele-
vanceOnlyRAG reaches 0.3225.

The proposed variants behave differently. Direct
reaches 0.3229 accuracy, almost identical to Rele-
vanceOnlyRAG and slightly below BM25FilteredRAG,
while improving ROUGE-L over both filtering base-
lines (0.2321 vs. 0.2215 and 0.2179). First-candidate
has lower accuracy (0.2809), but it achieves the highest
concise ROUGE-L (0.3205). This indicates that the first
candidate is often lexically close to the reference answer,
even when it is not always the exact normalized span
required by subspan exact match.
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Figure 3: Main RAG comparison under the shared gener-
ation budget. Llama zero-shot RAG has the highest sub-
span exact-match accuracy, the two-shot prompt control
improves ROUGE over zero-shot, and First-candidate
has the strongest ROUGE among concise outputs.

The candidate-set variants show a separate behav-
ior. Candidates reaches 0.3863 accuracy, and Recall
reaches 0.4562 accuracy by preserving both generated
and evidence-derived candidates. These scores should
not be interpreted as clean short-answer performance
because the outputs are longer candidate sets. Instead,
they show that the diagnostic stage often surfaces the
gold answer somewhere, even when the top candidate
is not perfectly ranked.



Variant Selected passages Accuracy ROUGE-1 ROUGE-2 ROUGE-L

Direct 3 0.3229 0.2333 0.1307 0.2321
Direct 2 0.2887 0.2222 0.1267 0.2215
First candidate 3 0.2809 0.3212 0.1846 0.3205
First candidate 2 0.2531 0.2933 0.1643 0.2924
Candidates 3 0.3863 0.1155 0.0472 0.1143
Candidates 2 0.3437 0.1047 0.0405 0.1037
Recall 3 0.4562 0.0296 0.0113 0.0289
Recall 2 0.4370 0.0285 0.0107 0.0278
Recall (w/o evidence) 3 0.3908 0.1088 0.0440 0.1075

Table 3: Output-format and selected-passage controls for CONSTRAINTRAG. Shaded rows denote the default
selected-passage budget, final_top_k=3. Direct and First-candidate produce concise answers, Candidates preserves
generated answer candidates, and Recall additionally preserves evidence-derived candidates.

5.3 Output-Format Analysis

Table 3 isolates output-format and selected-passage ef-
fects. Reducing the selected-passage budget from three
to two lowers performance across the evaluated con-
trols. For Direct, accuracy drops from 0.3229 to 0.2887
and ROUGE-L drops from 0.2321 to 0.2215. For First-
candidate, accuracy drops from 0.2809 to 0.2531 and
ROUGE-L drops from 0.3205 to 0.2924. The same
trend appears for Candidates and Recall, indicating that
the diagnostic selector benefits from retaining three pas-
sages rather than two.

The evidence-derived suffix is useful only when out-
puts are interpreted as candidate sets. Removing it from
Recall lowers accuracy from 0.4562 to 0.3908, showing
that extracted evidence candidates add coverage. Ap-
pendix B provides pairwise exact-match overlap among
representative methods.

5.4 Why Accuracy and ROUGE Diverge

The main results are best understood through the dif-
ference between the evaluation metrics. The imple-
mented accuracy metric is span-inclusive: if a long pre-
diction contains a normalized gold answer anywhere, it
is counted as correct. This benefits verbose outputs. For
example, zero-shot Llama can generate full-sentence an-
swers that include the correct span and therefore score
well under subspan exact match, even when the answer
is not a minimal string. The few-shot prompt moves in
the opposite direction: its examples improve ROUGE by
encouraging more answer-like outputs, but the shorter
generations lose some span-inclusive exact-match hits.

ROUGE behaves differently. It rewards lexical over-
lap with the short gold answer and penalizes extra mate-
rial. First-candidate often returns a compact answer
string, which explains its strong ROUGE. However,
the exact-match score can fall when the candidate is
a semantically correct spelling variant, an alias, or a
nearby date. For example, First-candidate may output
“St. Lawrence River” while the gold string is “the Saint
Lawrence River”; a direct answer that contains the full
spelling can be counted as exact even if it is less con-
cise. Similarly, candidate generation may include the
correct answer in a later slot while the first candidate is

wrong. This explains why Recall is much higher than
First-candidate in accuracy but much lower in ROUGE.
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Figure 4: Trade-off between subspan exact-match accu-
racy and ROUGE-L across prompt baselines and output
formats. Candidate-set outputs increase answer cover-
age, while First-candidate maximizes lexical alignment
among concise outputs.

5.5 Robustness to Injected Retrieval Noise

Table 4 evaluates robustness under injected lower-
ranked BM25 hits. This is a retrieval-noise stress
test rather than a DPR hard-negative evaluation. Rel-
evanceOnlyRAG obtains the highest concise accuracy
under noise (0.3042). The Direct variant is close to
BM25FilteredRAG in accuracy (0.2870 vs. 0.2881) and
has higher ROUGE-L (0.2170 vs. 0.2002). The First-
candidate noisy variant has lower accuracy (0.2407) but
the strongest ROUGE-L (0.2809). Recall remains high
in subspan accuracy (0.4284), showing that candidate
coverage persists even when the retrieved set is noisier.

These results reinforce the same trade-off observed
in the main setting. Diagnostics help preserve answer
alignment and candidate coverage, but they do not guar-
antee that the first selected answer is the exact span
preferred by the metric. A practical system should there-
fore combine constraint diagnostics with answer-level
reranking or verification. Appendix C provides the cor-
responding robustness visualization.



Method (HardNegative) Accuracy ROUGE-1 ROUGE-2 ROUGE-L

BM25FilteredRAG 0.2881 0.2016 0.1056 0.2002
RelevanceOnlyRAG 0.3042 0.2139 0.1166 0.2125
CONSTRAINTRAG-FIRSTCANDIDATE 0.2407 0.2817 0.1534 0.2809
CONSTRAINTRAG-DIRECT 0.2870 0.2180 0.1177 0.2170
CONSTRAINTRAG-RECALL 0.4284 0.0283 0.0106 0.0276

Table 4: RAG results under injected lower-ranked BM25 retrieval noise. CONSTRAINTRAG variants include two
concise outputs and the recall-oriented candidate-set output.

6 Analysis

6.1 When Constraint Diagnostics Help

Constraint diagnostics help most when a retrieved set
contains several plausible entities, dates, or roles and
the question requires selecting the one that satisfies a
specific relation. Table 6 shows representative cases.
For a temporal range question about piracy, the filtering
baselines focus on a narrower range, while CONSTRAIN-
TRAG variants recover the full gold range. For a mis-
leading entity question about “Twinkle, Twinkle, Little
Star,” scalar relevance is drawn toward Mozart, whereas
candidate generation surfaces Jane Taylor. For the Su-
per Bowl question, the retrieved set contains multiple
football distractors, but diagnostic selection surfaces
Denver Broncos. Appendix A provides an aggregate
diagnostic-label check, showing that selected passages
contain more satisfied labels while rejected passages are
dominated by missing checks.

6.2 Inference Cost

Constraint diagnostics add inference overhead because
CONSTRAINTRAG performs question decomposition
and passage-level diagnostic labeling before final an-
swer generation. Table 5 reports approximate wall-clock
runtimes for the full 6,515-example NQ development
evaluation on an NVIDIA H200 GPU. The filtering base-
lines finish in about 7.4–7.7 minutes, while the diagnos-
tic variants take about 9.7–11.5 minutes depending on
the output mode. This shows that the diagnostic stage
adds measurable cost, but remains practical for offline
evaluation when diagnostics and selected passages are
cached.

Method Runtime (min.)

BM25FilteredRAG 7.4
RelevanceOnlyRAG 7.7
CONSTRAINTRAG-DIRECT 9.7
CONSTRAINTRAG candidate variants 11.5

Table 5: Approximate wall-clock runtime for the
full 6,515-example NQ development evaluation on an
NVIDIA H200 GPU. The CONSTRAINTRAG candi-
date variants row includes First-candidate, Candidates,
and Recall. Runtimes depend on hardware, batching,
and cache state.

6.3 Why the Best Accuracy Variant Is Not the Best
Final Answer

The highest subspan exact match among proposed
variants comes from Recall, not from the direct or
first-candidate outputs. This is expected: Recall is a
candidate-set representation, so it has more opportuni-
ties to include the gold span. It is useful when the next
stage is a verifier, reranker, or abstention mechanism.
It is not a clean final response because its low ROUGE
indicates substantial extra material.

For user-facing short answers, Direct is the safest pro-
posed variant because it produces a single answer and re-
mains competitive with passage-filtering baselines. For
applications where lexical exactness and concision mat-
ter more than span inclusion, First-candidate is attractive
because it achieves the strongest ROUGE among con-
cise outputs. For applications that prioritize not missing
the gold answer before a downstream verifier, Recall is
the appropriate variant.

6.4 Failure Modes
Three failure modes remain. First, the decomposition
prompt can produce a generic answer-type check instead
of the discriminative relation in the question. Second,
passage diagnostics sometimes label partial evidence as
sufficient when a passage contains a nearby entity or
date. Third, candidate ranking is imperfect: the correct
answer may appear in the generated or evidence-derived
candidate set but not in the first position. A remain-
ing example from the development outputs is the Fuller
House release-date case, where the recall-oriented out-
put contains the gold date but the concise variants select
a nearby wrong date. These failures motivate replac-
ing prompted diagnostics or candidate ordering with
calibrated answer verification.

7 Limitations and Future Work
The first limitation is metric sensitivity. The provided
project accuracy metric is normalized subspan exact
match, so it rewards outputs that contain the gold span
even when they are verbose. This makes the metric use-
ful for measuring answer coverage, but less reliable as a
standalone measure of final-answer precision. ROUGE
rewards lexical alignment with the short reference an-
swer but can penalize candidate sets that are useful for
recall. The method should therefore be evaluated with
both concise-answer and candidate-coverage metrics.



Output source Q1: when did piracy hit its
apex in the caribbean

Q2: who wrote variations on
twinkle twinkle little star

Q3: who did seattle beat in the super
bowl

Gold answer 1660s to 1730s Jane Taylor Denver Broncos

BM25FilteredRAG 1715–1725 Mozart, Twelve Variations on
“Ah! vous dirai-je, maman”

the Pittsburgh Steelers. . . Washington
Redskins . . .

RelevanceOnlyRAG between 1715 and 1725 Mozart Denver Title: 2017 Philadelphia Ea-
gles season . . .

CONSTRAINTRAG-
DIRECT

1660s to 1730s Mozart, Twelve Variations on
“Ah! vous dirai-je, maman” . . .

Seattle beat the Denver Broncos . . .

CONSTRAINTRAG-
FIRSTCANDIDATE

1660s to 1730s Jane Taylor Denver Broncos

Table 6: Representative qualitative cases from the full development outputs. Long outputs are shortened with
ellipses for readability while preserving the relevant answer spans. The examples illustrate three constraint-sensitive
patterns: recovering the correct temporal range, separating an author entity from a plausible music distractor, and
selecting the correct team from noisy football evidence.

The second limitation is inference cost. As shown in
Table 5, CONSTRAINTRAG requires additional LLM
calls for decomposition and passage diagnostics, which
add measurable overhead compared with filtering-only
baselines. An interactive deployment would need either
a cheaper verifier or a trained diagnostic scorer.

The third limitation is the absence of supervised di-
agnostic calibration. The labels are generated by Llama
and can be noisy, and the diagnostic weights in the pas-
sage score are fixed rather than learned or adapted per
question. A natural next step is to train a lightweight
answer verifier or reranker from cached diagnostics and
retrieval-noise experiments, so that candidate-set out-
puts can improve coverage without being used directly
as final answers. Another extension is targeted retrieval:
when all retrieved passages miss the same constraint,
the missing or contradicted checks could be used to
formulate a second BM25 query.

8 Conclusion

CONSTRAINTRAG introduces constraint-violation di-
agnostics for RAG evidence selection on Natural Ques-
tions. Under a fair shared generation budget, the
method does not simply beat all baselines in concise
exact-match accuracy. Instead, it exposes a meaningful
trade-off. Direct is competitive with passage-filtering
baselines and improves ROUGE, First-candidate yields
the strongest concise ROUGE, and Recall shows that
constraint-guided candidate generation substantially in-
creases answer-span coverage. Hard-negative exper-
iments show a similar pattern: relevance-only filter-
ing is strongest in noisy exact-match accuracy, while
CONSTRAINTRAG variants preserve lexical alignment
or candidate coverage. These results suggest that
constraint diagnostics are most valuable as structured
evidence-management signals, especially when paired
with a downstream answer verifier.
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A Diagnostic Label Distribution

Figure 5 compares diagnostic-label shares between se-
lected and rejected passages. Selected passages contain
more satisfied checks, while rejected passages are dom-
inated by missing checks. This supports the intended
behavior of the selector, although the remaining missing
and contradicted labels show that the diagnostic stage is
not a perfect support verifier.
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Figure 5: Diagnostic-label distribution for selected and
rejected passages.

B Pairwise Exact-Match Overlap
Aggregate scores hide whether methods answer the
same questions. Figure 6 visualizes representative pair-
wise exact-match overlap patterns. The direct and recall
variants are compared with Llama zero-shot, Llama few-
shot, BM25, and scalar-relevance baselines. Direct is
the main single-answer version of CONSTRAINTRAG,
while Recall represents candidate-set coverage. The
additional few-shot rows do not change the qualitative
pattern: Direct has a more balanced profile against con-
cise baselines, whereas Recall recovers many additional
answer spans that baselines miss.
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Direct vs Relevance
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Recall vs BM25

Recall vs Relevance
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Pairwise Exact-Match Overlap on NQ Dev Set
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Figure 6: Representative pairwise exact-match overlap,
including the two-shot Llama prompt control. The direct
variant represents the single-answer setting, while the
recall variant represents candidate-set coverage. C-only
denotes examples correct only under the CONSTRAIN-
TRAG variant, and B-only denotes examples correct
only under the baseline.

C Robustness Visualization
Figure 7 visualizes the robustness results from Table 4.
Relevance-only filtering has the highest noisy exact-
match accuracy, while CONSTRAINTRAG variants re-
tain stronger ROUGE or candidate coverage.
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Figure 7: Robustness to injected lower-ranked BM25
hits.
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