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Abstract

Retrieval-augmented generation (RAG) can
achieve strong answer accuracy on multi-hop
questions, but outcome-level rewards often
leave reasoning traces weakly grounded and
difficult to audit. Under noisy retrieval, mod-
els may exhibit right-answer-wrong-reason
failures, where the final answer is correct
but the supporting rationale exploits short-
cuts or unsupported evidence. We there-
fore ask whether faithfulness-guided alignment
hurts answer accuracy in post-retrieval rea-
soning. To study this question, we propose
CRAFT (Calibrated Reasoning with Answer-
Faithful Traces), a reinforcement learning
framework for the response-generation stage
of retrieval-augmented multi-hop question an-
swering. CRAFT trains models to produce
structured reasoning traces with configurable
auditability, while combining deterministic re-
wards for format compliance, answer correct-
ness, and citation validity with a judge-based
reward for semantic faithfulness. Experiments
across model scales and benchmarks show that
CRAFT unlocks task-specific reasoning ca-
pacity from 1.5B upward, improving both an-
swer accuracy and Faithfulness; at 0.5B, per-
formance remains sharply template-dependent.
At 7B, CRAFT improves Faithfulness over the
Base model in all evaluated settings and re-
mains competitive with strong closed-source
models. Code is available at https://github.
com/Ameame1/CRAFT.

1 Introduction

Retrieval-augmented generation (RAG) grounds
large language models (LLMs) in documents and
is widely used for multi-hop question answering
(QA), where answers require composing informa-
tion across passages (Lewis et al., 2020). However,
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Figure 1: Comparison of existing approaches (top) and
CRAFT (bottom) for multi-hop QA. Existing methods
produce free-form reasoning that may exploit spurious
shortcuts or lack evidence grounding. CRAFT gen-
erates structured, machine-auditable reasoning traces
supervised by a dual-reward design.

a correct answer does not imply faithful reason-
ing: models can exploit spurious shortcuts, such
as citing irrelevant documents, confusing entities,
or following logically inconsistent chains, while
still reaching the gold answer (Figure 1, top). Such
right-answer-wrong-reason failures are invisible
to metrics that evaluate only the final output. The

problem is especially acute in multi-hop QA, which
demands compositional inference over dependent
steps (e.g., resolving a bridge entity and linking
its attributes to downstream facts) and is further
destabilized by distractors that share surface over-

lap with the query (Trivedi et al., 2020; Press et al.,

2023).
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Prior work approaches this problem from three
directions, but none directly optimizes faithful post-
retrieval reasoning traces. (1) Reasoning with-
out faithfulness guarantees. Chain-of-thought
and decomposition-based methods encourage step-
by-step reasoning (Wei et al., 2022; Khot et al.,
2023; Zhou et al., 2023; Yao et al., 2023), but
the resulting traces are not necessarily grounded
in retrieved evidence; under noisy retrieval, mod-
els may bypass relevant documents and produce
plausible-looking but unfaithful rationales (Lan-
ham et al., 2023; Turpin et al., 2023; Paul et al.,
2024). (2) Grounding as post-hoc verification.
Citation, evaluation, and verification mechanisms
introduce evidence signals such as document-level
citations or consistency checks (Gao et al., 2023;
Es et al., 2024; Wallat et al., 2025; Tutek et al.,
2025; Arakelyan et al., 2025; Sui et al., 2025), yet
they generally evaluate completed outputs or op-
erate at the answer level, leaving intermediate rea-
soning difficult to audit at scale. (3) RL without
fixed-evidence trace supervision. Reinforcement
learning methods optimize retrieval, reasoning, or
generation using answer- and relevance-based re-
wards (Asai et al., 2024; Liet al., 2025b; Chen et al.,
2025), but primarily supervise retrieval/search tra-
jectories or final outcomes rather than the semantic
faithfulness of structured answer-generation traces
over a fixed evidence set.

To address these limitations, we propose
CRAFT (Calibrated Reasoning with Answer-
Faithful Traces), a reinforcement learning frame-
work based on Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) for the response
generation stage of retrieval-augmented multi-hop
QA. CRAFT defines a family of structured out-
put templates that decompose generation into au-
ditable stages (planning, evidence selection, step-
by-step reasoning, and answer extraction), forming
trace variants with configurable levels of auditabil-
ity (Figure 1, bottom). Within each variant, these
stages form a chain of faithfulness where each com-
ponent constrains the next, so that unfaithful rea-
soning is more likely to violate at least one verifi-
able link. Training combines two complementary
forms of supervision: deterministic rewards en-
force format validity, citation-set correctness, and
answer matching, while a judge-based reward from
a high-capacity LLM audits semantic faithfulness
by verifying cross-stage consistency (plan—reason,
citation—reason, reason—answer) and grounding
individual claims against the retrieved evidence.

This extends process-level supervision beyond rule-
based objectives to open-ended semantic properties
(e.g., reasoning consistency and claim verifiability).
The judge operates on binary decomposed criteria
to limit bias propagation, and its reliability is as-
sessed against human annotations (§4.5). Together,
these designs enable the model to learn not just
what to answer but how to reason faithfully. Our
contributions are as follows:

* We propose CRAFT, an RL framework that un-
locks task-specific multi-hop reasoning through
controllable, auditable trace variants (CRAFT, -
CRAFTys).

* We introduce a dual-reward design that com-
bines deterministic rewards for verifiable con-
straints with judge-based rewards for reasoning
faithfulness, extending process-level supervision
from rule-based objectives to open-ended seman-
tic properties.

* Experiments across model scales and bench-
marks show that faithfulness-guided alignment
usually yields modest answer-performance gains
rather than hurting accuracy. Full CRAFT im-
proves Faithfulness over Base in all 12 eval-
uated 7B cells and remains competitive with
strong closed-source models.

2 Related Work

2.1 Faithful RAG Reasoning

CoT prompting (Wei et al, 2022) and
decomposition-based reasoning can improve
multi-step inference, and rationale generation has
also been studied in multimodal settings (Qin et al.,
2024). However, generated rationales may not
faithfully reflect the model’s decision process (Lan-
ham et al., 2023; Turpin et al., 2023; Paul et al.,
2024; Zhang et al., 2026); recent work probes
sustained multi-turn reasoning behavior (Zhang
et al., 2025) and separates step relevance, evidence
attribution, and logical correctness in fine-grained
verification (Jacovi et al., 2024). RAG (Lewis
et al., 2020; Xu et al., 2026) grounds generation
in documents, with multi-hop extensions such
as IRCoT (Trivedi et al., 2023), HopRAG (Liu
et al., 2025a), and OPERA (Liu et al., 2026).
Faithfulness-oriented evaluation and verification
methods, including RAGAs (Es et al., 2024)
and Generate but Verify (Filice et al., 2025),
assess whether generated answers are supported
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by retrieved context, while studies on citations,
attribution, factuality, and grounding-oriented
rewards show that citation support or factual
correctness alone may not ensure context-faithful
reasoning (Gao et al., 2023; Wallat et al., 2025; Bi
et al., 2025; Wang et al., 2025; Wei et al., 2025;
Li et al., 2025a). These lines motivate auditable
reasoning in RAG, but mostly evaluate completed
outputs or answer-level grounding; we focus on
training structured post-retrieval traces with both
structural and semantic faithfulness checks.

2.2 Reinforcement Learning for Reasoning

Preference alignment includes RLHF with
PPO (Ouyang et al., 2022; Schulman et al.,
2017) and direct preference methods such as
DPO (Rafailov et al., 2023) and RRHF (Yuan et al.,
2023); GRPO (Shao et al., 2024) removes the critic
via group-wise normalization and has been used for
reasoning models (DeepSeek-Al, 2025a). Process
rewards can improve exploration efficiency (Setlur
et al., 2025), but often rely on domain-specific
verifier data. In RAG, RL-based agents opti-
mize search and interleaved retrieval-reasoning
trajectories (Chen et al., 2025; Li et al., 2025b;
Wu et al.,, 2026b). LLM-as-a-Judge provides
scalable reward or evaluation signals (Zheng et al.,
2023; Wu et al., 2026a), although it can introduce
biases (Chen et al., 2024; Gu et al., 2026); common
mitigations include binary criteria, rubric-based
scoring, and human validation (Adlakha et al.,
2024; Bavaresco et al., 2025). However, existing
RL and judge-based approaches rarely target
fixed-evidence answer generation with structured
trace-level faithfulness checks. We use these
ideas to combine deterministic rewards with
decomposed judge checks over post-retrieval
reasoning traces.

2.3 Multi-hop Question Answering

Multi-hop QA benchmarks (Yang et al., 2018; Ho
et al., 2020; Trivedi et al., 2022) require com-
posing information across documents, yet mod-
els exhibit a compositionality gap (Press et al.,
2023) and exploit shortcuts (Trivedi et al., 2020).
Decomposition-based (Khot et al., 2023; Zhou
et al., 2023) and agentic (Yao et al., 2023) methods
improve performance, while structured multi-step
agents have also been explored in related align-
ment tasks (Nan et al., 2026). Fine-grained evalua-
tion shows final-answer scores can conceal faulty
intermediate reasoning (Liu et al., 2025b). Re-

cent work further examines implicit reasoning (Yao
et al., 2025), back attention (Yu et al., 2025), and
difficulty-controlled evaluation (Lee et al., 2025);
these studies motivate evaluation beyond answers,
especially for evidence-grounded reasoning traces.

3 Method

3.1 Problem Formulation

We study the response generation stage of RAG-
based LLMs for multi-hop QA. Each instance
contains a question ¢ and retrieved document set
D = {d,...,dk} that mixes evidence with dis-
tractors. Answering g requires reasoning over sup-
porting documents indexed by S* C {1,..., K},
while distractors introduce spurious shortcuts. Our
goal is to train models that generate both cor-
rect answers a and auditable reasoning traces:
XML-structured outputs (<plan>, <gold_docs>,
<reason>, <answer>) that expose derivation. For-
mally, given (¢, D) and a gold answer a*, the
model outputs a trace y with components 7 (plan),
& (citation set), p (reasoning), and a (answer), sat-
isfying: (i) format parsability F(y) = 1, (ii) an-
swer correctness a = a*, and (iii) trace faithfulness
C(m, &, p,a) = 1, where C enforces internal con-
sistency and evidence grounding.

3.2 Overview

As illustrated in Figure 2, CRAFT consists of
three tightly integrated components: (1) CRAFT
Trace Variants that define structured output tem-
plates (top), (2) a Decomposed Reward Auditor
that provides multi-signal supervision (center), and
(3) a Faithfulness Audit Principle that enables
machine-checkable reasoning verification (right).

Trace Templates. We define a family of XML-
based output templates spanning an auditability
spectrum. The full template (CRAFTyq) de-
composes model output into four fields form-
ing an auditable chain: <plan> declares the rea-
soning blueprint (sub-question decomposition);
<gold_docs> commits to an evidence boundary
before reasoning begins; <reason> must cite only
within this boundary while addressing the plan;
<answer> must be logically entailed by the reason-
ing. Intermediate variants selectively ablate com-
ponents: CRAFTy, removes <plan>, CRAFTy3
removes <gold_docs> CRAFT4 retains only
<reason>+<answer>, and CRAFT,s (Answer-
Only) serves as a minimal baseline. This design
creates a chain of faithfulness: 7 — & — p — «,
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Figure 2: Overview of CRAFT. The framework comprises three components: CRAFT Trace Variants (top-left)
defines structured trace templates (CRAFT,;—CRAFT,s); Decomposed Reward Auditor (bottom-left) provides four
reward signals (Reme, Rgolds Ltaith, Fans); Faithfulness Audit Principle (bottom-right) enables machine-checkable
reasoning verification. Top-right: a concrete CRAFT),; trace with all four judge checks passing (Rg,itn = 1.0).

where unsupported or inconsistent content can be
exposed through explicit links. The template also
determines which rewards apply: variants contain-
ing <gold_docs> activate Rg,q, While variants
with reasoning fields activate R, .

3.3 CRAFT Training

Principle. We optimize the policy my to gen-
erate traces that are not only correct but struc-
turally valid and reason-faithful, effectively super-
vising the “chain of faithfulness”. For each input
x = (g, D, v), GRPO samples a group of G traces
{y;Y%, ~ my(- | 2) and normalizes rewards within
the group:

G
r o Ry)—p 1 .
fo= =, M—G;R(y]), (1)

where ¢ is the standard deviation of {R(yj)}jG:1
and € is a small constant for numerical stability.
The algorithm then performs the critic-free, token-
level clipped update used by our GRPO implemen-
tation. Let r; +(0) = mo(vit | @, Vi<t)/ o4 (Yirt |
x,Y; <¢) and let D; ; denote the per-token KL esti-

mator against the reference policy. The maximized

objective is

fi,t(ﬂ) = clip(ri,t(ﬁ), 1—¢1+ 8), 2)
52 0) = min{ri (O Riy 7 (O) R}, 3)
T:
1 <& )
£i(6) = = > (6O - 8Du). @
.,
TO0) =Ex| 5> Li(0) )
=1

We use ¢ = 0.2 and § = 0.04. The key design
choice is the total reward R(y), which we decom-
pose into four components:

R(y) = Y we Re(y),

ceCy
Cy C {fmt, gold, faith, ans},

(6)

where weights w.) control the trade-off between
strictness and accuracy. The implementation
sums the weighted reward terms, so R(y) €
[0, ccc, we] when each component lies in [0, 1].

3.3.1 Deterministic Rewards

Rewards of this type can be computed directly from
the trace structure and gold labels without requiring
an LLM judge.

Format Compliance (Ry,.t). We enforce strict
adherence to the XML schema to ensure parsability.

Rfmt(y) = ]I[y € V’u]a @)
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where V), is the set of strings containing all required
tags for variant v in correct order. The determin-
istic answer and citation rewards are gated by this
check and return 0 when Rgni(y) = 0; the judge
reward is computed independently from the sub-
mitted trace.

Citation Reward (Rgo1q)- We encourage
document-level citations that cover the support-
ing documents while avoiding distractors. When
<gold_docs> is present, we parse the predicted ci-
tation set £ and compare it with the gold supports
S*:

1, &£=8%

0.5, ENS*#@and & # S*,
0, NS =go.

Rgold (y) =

(®)
Answer Correctness (R,,s). We target final task
accuracy with normalized exact-match supervision.

z(y) = NORM(EXTRACTANSWER(Y)),
A* = {NORM(a) : a € A*},

Rans(y, A™) = ]I[z(y) € A*} )

)]
where EXTRACTANSWER (y) parses the <answer>
content, A* is the set of acceptable references, and
NORM lowercases text and removes punctuation,
articles, underscores, and redundant whitespace.

3.3.2 Judge Reward

Rewards of this type rely on an LLLM judge to as-
sess semantic consistency and evidence grounding,
supervising the reasoning process rather than only
the outcome.
Faithfulness Audit (Rp,iin). We penalize hal-
lucinated reasoning by verifying internal consis-
tency and citation grounding (Algorithm 1). Let
PARSE(y) — (m,&,p,a) denote extracting the
trace fields from y. We employ a high-capacity
LLM judge to compute:

Rpaien(y) = Audit(m, €, p,a; D, v), (10)

by averaging multiple machine-checkable criteria:

Audit) = 3" ry(y),

m.
Y k=1

Ty € Ry, (11)

where R, = {Tﬂ'*)pa Te—ps Tp—a> 7"ground} and
m,, depends on the trace variant (e.g., plan/citation
checks apply only when the corresponding fields
exist). Concretely, the judge checks: (i)

Algorithm 1 CRAFT Faithfulness Judge (CRAFT,)

Require: Query g, Retrieved documents D = {d, ...
Require: Model trace 7~ with four XML fields:
1: e<plan>: Decomposed sub-questions
2: e<gold_docs>: Declared evidence indices, e.g., [2, 5]
3: e<reason>: Step-by-step reasoning with doc citations
4: e<answer>: Final answer to ¢
Ensure: Binary audit scores and one overall verdict
Faithfulness Judge Principles (A, B, C, D)
: ——- A: Plan — Reason —-

5

6: Check: Does reason follow the sub-questions in plan?
7: ¢  1[reasoning addresses plan’s intent in order]
8
9

7dK}

: - B: Gold_docs — Reason
: £ + doc indices declared in gold_docs

10: R < doc indices actually cited in reason

11: Check: Are all citations within the declared boundary?

12: ce « 1R CEAR # 0]

- C: Reason — Answer

14: Check: Is answer a logical conclusion of reason?

15: cq < 1[answer supported by reasoning chain]

- D: Evidence — Reason (Grounding) —-

17: Check: Are claims in reason supported by cited docs?

18: cg + 1

19: for each claim k; citing document d; € £ do

20:  if D[d;] does not support k; then

21: ¢y < 0 {Hallucination detected }
22: end if
23: end for

24: Feyal < o(T, D) € {0,1} {Judge’s overall verdict}
25: return training reward Riaiecn = 5 (cx + g + Ca + ¢g)
and evaluation verdict Fiyal

plan—reason (r;_,,), (ii) citation-set—reason
(re—p), (iii) reason—answer (7,-,), and (iv)
grounding (7grund)s i.€., key claims in p are sup-
ported by the cited document text in D. Each check
yields a binary score, and the judge also emits a
binary overall-consistency verdict o(y) informed
by these criteria. During training, the component
average supplies a dense reward; during evaluation,
we use the final verdict:

1
Rfaith(y) = mi Zrk(y) € [07 1}7 (12)
Y k=1
Feval(y) - O(y) € {07 1}7 (13)
Faith = ‘}‘ S Foi(y): (14)

yeJ

where J contains all judged evaluation traces.
Thus, training uses graded component-level feed-
back, while main-table Faithfulness records one
overall-consistency decision per trace. The judge
model (Qwen3-30B-A3B) is distinct from the
trained Qwen2.5 policies, and its reliability is as-
sessed against human annotations (§4.5).

Why no direct supervision for Plan/Reason?
Unlike £ (discrete indices) and a (short spans),
7 and p are open-ended generations with high
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Method Type MuSiQue HotpotQA 2WikiMHQA
EM F1 Faith EM Fl Faith. EM Fl1 Faith.
Open-source
Qwen2.5-0.5B Pre-Trained 0.25 1.32 0.19 1.76 5.58 1.69 6.02 9.95 1.64
Qwen2.5-1.5B Pre-Trained 0.91 3.63 5.13 9.96 17.28 14.63 10.10 15.95 9.22
Qwen2.5-3B Pre-Trained 12.03 19.62 24.28 32.61 44.34 56.00 30.62 38.65 44.59
Qwen2.5-7B Pre-Trained 35.83 47.99 58.47 56.47 71.58 83.30 57.87 66.56 76.92
Qwen3-4B Pre-Trained 24.11 32.40 52.68 51.30 65.58 87.81 54.24 64.33 86.20
Qwen3-30B-A3B Pre-Trained 40.12 48.95 68.80 59.57 74.24 92.89 55.73 66.19 90.78
Closed-source
GPT-5-mini API 53.59 68.42 83.42 61.00 80.22. 96.43 7047 8L.19 95.98
DeepSeek-V3.2 API 53.70 67.81 76.89 63.56 79.51 94.31 69.20 77.74 96.80
Gemini-2.5-Flash API 52.37 63.62 77.55 63.60 78.80 93.41 69.76 79.35 94.42
SFT
Qwen2.5-0.5B Trained 0.00 0.00 0.10 0.82 2.92 0.70 2.81 4.62 0.68
Qwen2.5-1.5B Trained 7.44 14.69 10.14 36.51 47.95 33.07 34.49 42.81 33.03
Qwen2.5-3B Trained 18.52 25.28 26.36 47.87 62.12 69.06 49.37 58.83 66.65
Qwen2.5-7B Trained 31.01 41.78 51.22 57.81 71.30 83.37 62.69 71.50 79.00
Ours (RL)
CRAFT s Trained 0.00 0.79 1.11 0.44 2.25 0.88 1.35 3.71 1.73
CRAFT 58 Trained 26.87 36.00 28.35 46.35 59.47 60.27 43.57 51.19 48.46
CRAFT3p Trained 41.44 49.96 58.69 56.19 69.92 78.52 56.75 63.45 62.11
CRAFT73 Trained 53.13 62.97 83.87 64.06 78.86 96.31 78.23 84.18 96.79

Table 1: Main results (CRAFT,;) on multi-hop QA benchmarks. All metrics are percentages. Wavy underline: best

API result; straight underline: best non-API result.

semantic variance, making direct supervision
ming £(mg, 7*) via teacher traces brittle and prone
to format collapse. Instead, we supervise func-
tional correctness: 7 is valid iff p follows it
(rz—p = 1); pis valid iff it is grounded (7ground =
1). This lets the model discover optimal reasoning
paths within the auditable structure without imitat-
ing a fixed trace.

Method Scope. CRAFT assumes that D has al-
ready been retrieved and does not update the re-
triever, search policy, or evidence ordering. It op-
timizes only structured post-retrieval generation.
Faithfulness here is an operational property of the
emitted trace, defined in terms of internal consis-
tency and support from D. CRAFT therefore com-
plements retrieval-trajectory optimization and post-
hoc faithfulness evaluation.

4 [Experiments

4.1 Experimental Setup

Datasets. We evaluate CRAFT on three multi-
hop QA benchmarks: HotpotQA (Yang et al.,
2018), 2WikiMultiHopQA (Ho et al., 2020), and
MuSiQue (Trivedi et al., 2022). These datasets
represent diverse multi-hop reasoning types includ-
ing bridge reasoning, comparison, and composi-
tional questions. For training, we construct a mixed
dataset of 20,000 entries sampled from all three
benchmarks. For each dataset, we randomly select
1,000 test examples and evaluate them ten times.

Baselines. We compare against: (1) Open-

source models: Qwen2.5 series (0.5B, 1.5B,
3B, 7B) (Qwen Team, 2024) and Qwen3 se-
ries (4B, 30B-A3B) (Qwen Team, 2025) via in-
context prompting; (2) Closed-source API mod-
els: GPT-5-mini (OpenAl, 2025), DeepSeek-
V3.2 (DeepSeek-Al, 2025b), and Gemini-2.5-
Flash (Google DeepMind, 2025). We train CRAFT
at four scales (0.5B, 1.5B, 3B, 7B) using both SFT
and GRPO.

Metrics. We report Exact Match (EM), token-
level F1, and Faithfulness. During training, Ry,it,
averages the applicable binary component checks;
reported Faithfulness instead uses the pass rate of
a separate binary overall-consistency verdict (Al-
gorithm 1).

Implementation Details. Model, hardware, judge,
reward-weight, and aggregation details are pro-
vided in Appendix A.

4.2 Main Results

Gains start at 1.5B; 0.5B is trace-sensitive.
For 7B, CRAFT improves EM over base
Qwen2.5-7B by 17.30/7.59/20.36 points on
MuSiQue/HotpotQA/2WikiMHQA, with relative
gains of 48.3%/13.4%/35.2%. The 1.5B and
3B models also improve on all datasets un-
der CRAFT,;. The 0.5B model stays near
the accuracy floor under this complex trace
(0.00%/0.44%/1.35% EM), indicating the benefit
requires sufficient capacity or a simpler template.
Faithfulness improves under full CRAFT. Full
CRAFT-7B reaches 83.87%/96.31%/96.79% Faith-
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Version MuSiQue HotpotQA 2WikiMHQA

EM Fl Faith EM F1 Faith. EM F1 Faith
Owen2.5-7Bpase
CRAFT,, 35.83 47.99 58.47 56.47 71.58 83.30 57.87 66.56 76.92
CRAFT,, 34.24 44.77 66.15 54.56 69.62 87.80 55.60 65.63 77.42
CRAFT,3 39.11 49.50 68.47 58.38 7191 90.53 61.07 69.85 84.52
CRAFT4 38.41 49.14 76.53 60.12 74.40 93.72 60.80 70.37 86.65
CRAFT,s 31.43 4191 - 53.38 67.97 - 51.01 59.21 -
Qwen2.5—7ngT
CRAFTy; 31.01(-4.82) 41.78(-6.21) 51.22(-7.25) 57.81(+1.34) 71.30(-0.28) 83.37(+0.07) 62.69(+4.82) 71.50(+4.94) 79.00(+2.08)
CRAFT,, 28.38(-5.86) 40.32(-4.45) 56.00(-10.15)  55.51(+0.95) 70.42(+0.80) 88.14(+0.34) 59.67(+4.07) 67.86(+2.23) 76.31(-1.11)
CRAFT,3 34.55(-4.56) 46.19(-:3.32) 60.29(-8.18) 58.59(+0.21) 73.20(+1.29) 88.45(-2.08) 66.06(+4.99) 74.76(+4.91) 85.71(+1.19)
CRAFT4 30.11(-8.30) 41.53(-7.61) 65.80(-10.73) 57.54(-2.58) 71.84(-2.56) 89.40(-4.32) 63.92(+3.12) 72.97(+2.60) 82.37(-4.28)
CRAFT,s 25.60(-5.83) 36.27(-5.64) - 54.30(+0.92) 68.26(+0.29) - 55.47(+4.46) 63.41(+4.20) -
CRAFT7g w/o judge reward
CRAFT,; 51.53(+15.70)  60.88(+12.89)  81.96(+23.49)  62.49(+6.02)  76.86(+5.28)  94.81(+11.51) 76.47(+18.60)  82.18(+15.63)  94.67(+17.75)
CRAFT,,  49.72(+15.48)  60.65(+15.88)  80.21(+14.06)  63.68(+9.12) 78.57(+8.95) 94.66(+6.86)  73.33(+17.73)  80.73(+15.10)  92.62(+15.20)
CRAFT3 50.21(+11.10) 60.46(+10.96) 82.57(+14.10) 62.07(+3.69) 76.64(+4.73) 94.27(+3.74) 74.60(+13.53) 81.73(+11.88) 93.66(+9.14)
CRAFT,s  46.24(+7.83) 58.42(+9.28) 81.68(+5.15) 60.92(+0.80) 75.62(+1.22) 92.96(-0.76) 73.59(+12.79)  80.21(+9.84) 91.29(+4.64)
CRAFTys  49.95(+18.52)  60.51(+18.60) - 59.80(+6.42) 74.79(+6.82) - 60.34(+9.33) 67.72(+8.51) -
CRAFT7p (full)
CRAFT,;  53.13(+17.30)  62.97(+14.99)  83.87(+25.40)  64.06(+7.59)  78.86(+7.28)  96.31(+13.01)  78.23(+20.36)  84.18(+17.63)  96.79(+19.87)
CRAFT,,  51.31(+17.07)  63.06(+18.29)  82.49(+16.34)  65.28(+10.72)  80.10(+10.48)  96.38(+8.58)  75.26(+19.66)  82.51(+16.88)  94.40(+16.98)
CRAFT3 51.86(+12.75) 62.37(+12.87) 84.60(+16.13) 63.81(+5.43) 78.55(+6.64) 96.23(+5.70) 76.62(+15.55) 83.23(+13.38) 95.97(+11.45)
CRAFT,s  48.02(+9.61)  59.94(+10.80)  83.17(+6.64)  62.64(+2.52)  77.84(+3.44)  94.96(+1.24)  75.60(+14.80)  82.04(+11.67)  92.90(+6.25)
CRAFT,s  49.95(+18.52)  60.51(+18.60) - 59.80(+6.42) 74.79(+6.82) 60.34(+9.33) 67.72(+8.51) -

Table 2: 7B comparison across trace variants (CRAFT,;—CRAFT,s) for Base, SFT, w/o judge reward, and full
CRAFT. Faithfulness is the binary overall-consistency pass rate. Colored deltas are relative to Base. Because
CRAFT,s is answer-only, Faithfulness is not applicable, and its w/o-judge and full results are identical.

fulness on MuSiQue/HotpotQA/2WikiMHQA, im-
proving over Base by 25.40/13.01/19.87 points
and over SFT by 32.65/12.94/17.79 points. Under
CRAFT,,, the 1.5B, 3B, and 7B trained models
exceed Base on all three datasets. The 0.5B model
remains near the faithfulness floor, consistent with
its difficulty following the full trace format.
CRAFT75 reaches API-level answer perfor-
mance. CRAFT7g achieves 53.13% EM on
MuSiQue, compared with the best API EM of
53.70%. On HotpotQA it reaches 64.06%/78.86%
EM/F1, compared with the best API EM/F1
scores of 63.60% and 80.22%, respectively; on
2WikiMHQA it reaches 78.23%/84.18%, com-
pared with 70.47%/81.19%. CRAFT7p matches
or exceeds the best API EM on two of three bench-
marks with strong Faithfulness.

4.3 Ablation Study

We conduct two analyses: (1) a trace-
template ablation with aligned deterministic
rewards, and (2) a judge-reward ablation.
Starting from the full template CRAFT,,
(<plan>+<gold_docs>+<reason>+<answer>),

we progressively remove components:
CRAFT,, removes <plan> CRAFT,3 re-
moves <gold_docs>, CRAFT,4 retains

<reason>+<answer>, and CRAFT,s5 retains
only <answer>. Table 2 reports Qwen2.5-7B

results across Base, SFT, w/o judge reward,
and full CRAFT. For CRAFT,;-CRAFT,4,
the w/o-judge condition removes Ry, While
retaining the other applicable rewards and training
settings. The two CRAFT,5 GRPO rows are
identical because this answer-only variant has no
judge-reward term.

Trace structure has dataset-dependent ef-
fects. Answer-only CRAFT,5 achieves the low-
est base EM (31.43%/53.38%/51.01%), under-
performing CRAFT4 by 6.98/6.74/9.79 points
on MuSiQue/HotpotQA/2WikiMHQA. Under
GRPO, the strongest structured variants reach
53.13%/65.28%/78.23% EM, exceeding v5 by
3.18/5.48/17.89 points on the three datasets. Thus,
structured traces remain beneficial, especially on
2WikiMHQA.

Simpler traces achieve higher base faithful-
ness but lower auditability. For base mod-
els, simpler CRAFT,4 yields higher Faithful-
ness (76.53%/93.72%/86.65%) than full CRAFT,,
(58.47%/83.30%/76.92%), because the judge as-
sesses fewer cross-field relations. After GRPO,
template effects remain dataset-dependent, while
CRAFT,/CRAFT,, retain greater auditability
through explicit planning and citation.

SFT gives inconsistent faithfulness. Across
CRAFT,—CRAFT,4 and all three datasets, full
CRAFT improves over Base by 2.52-20.36 EM
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Figure 3: Training dynamics of GRPO across scales (0.5B, 1.5B, 3B, 7B) using CRAFT,;. Left y-axis: total
reward; right y-axis: component rewards (R, Rgold, Ffaith, flans)-

points and 1.24-25.40 Faithfulness points. SFT is
less consistent: it reduces EM in 5 of 12 cells and
Faithfulness in 8 of 12 cells, with maximum drops
of 8.30 and 10.73 points, respectively.

Judge reward acts as a semantic regularizer. At
7B, full CRAFT outperforms the w/o-judge condi-
tion in all 12 applicable cells. The Full-minus-w/o
gains span 1.57-2.02 points for EM, 1.50-2.41 for
F1, and 1.49-2.31 for Faithfulness, with respective
averages of 1.75, 1.89, and 1.89 points. The gains
appear in Faithfulness, EM, and F1, suggesting
that judge feedback does more than optimize trace
style: it discourages unsupported reasoning paths
and helps preserve answer quality while making
the derivation more auditable.

4.4 Training Dynamics

Training reward scales with capacity. After
312 GRPO steps, total rewards for CRAFT(sg,
CRAFTl.jB, CRAFT3B, and CRAFT7B
are 2.40/2.84/3.18/3.67, answer rewards are
0.07/0.51/0.62/0.82, and citation rewards are
0.48/0.67/0.76/0.93. Their monotonic increases
show that larger models better convert structured
RL feedback into accurate, auditable traces.
Online rewards support evaluation Faithful-
ness. After 312 steps, format rewards remain high
(0.97/0.86/0.93/0.99), and mean per-check judge
rewards reach 0.88/0.78/0.86/0.93. These online
signals show that trained policies learn both schema
compliance and judge-supported reasoning, com-
plementing Table 1’s offline binary Faithfulness on
evaluation traces from frozen checkpoints.

Figure 3 reveals a capacity-dependent transi-
tion. All scales acquire structural rewards and
recover from transient drops. Answer reward re-
mains low for CRAFT sg, rises for CRAFT| 5
and CRAFT3g, and peaks for CRAFTp; its bal-
anced profile indicates joint optimization beyond

Aspect Both Both LLMV LLM x Agr. K
Pass Fail Humanx Human/v

Plan-Reason 393 78 15 14 942% 0.81

Evidence Gr. 375 83 25 17 91.6% 0.75

Answer Deriv. 410 71 9 10 96.2% 0.86

Gold Doc Cit. 370 80 33 17 90.0% 0.70

Macro Avg. 387.0 78.0 20.5 14.5 93.0% 0.78

Table 3: Human validation on 500 MuSiQue samples:
LLM-human confusion counts, agreement, and Cohen’s
k. Macro Avg. is the unweighted average across audit
dimensions.

schema compliance. This pattern separates schema
learning from semantic reasoning: small models
can satisfy the output form before they can reliably
use it for answer derivation, whereas larger models
turn the same structured reward into coordinated
gains in citation, answer, and faithfulness.

4.5 Human Validation of Judge Reliability

Two NLP annotators independently assessed 500
randomly sampled MuSiQue reasoning traces from
CRAFTj7p using the same four-aspect binary cri-
teria as the LLLM judge (Algorithm 1). Across the
four audit dimensions, the judge reaches 93.0%
macro-averaged observed agreement with human
labels and a mean Cohen’s x of 0.78 (Artstein,
2017), indicating substantial agreement (Table 3).
Agreement is strongest for Answer Derivation
(k = 0.86) and lowest for Gold Document Cita-
tion (k = 0.70), the most ambiguity-prone dimen-
sion. These results show that the judge aligns well
with human audit decisions, reducing but not elimi-
nating the circularity concern from using Qwen3-
30B-A3B for both training and primary evalua-
tion (Chen et al., 2024; Gu et al., 2026).

5 Conclusion

We presented CRAFT, a GRPO framework for
structured, machine-auditable post-retrieval reason-
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ing. The central finding is that CRAFT unlocks
task-specific reasoning capacity without trading ac-
curacy for faithfulness: gains emerge from 1.5B
upward, whereas CRAFT sg benefits from sim-
pler traces. At 7B, CRAFT reaches API-level an-
swer performance, and the judge-reward ablation
shows consistent gains in both answer quality and
Faithfulness. Template ablations further reveal a
capacity-dependent trade-off between auditability
and learnability, while human validation supports
the judge’s reliability. More broadly, structured RL
unlocks accurate, auditable task-specific reasoning.
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Limitations

Our human validation of judge reliability is con-
ducted on 500 samples from MuSiQue only. While
we select MuSiQue as the most challenging bench-
mark, extending human annotation to all three
datasets would further strengthen the reliability
analysis; we leave this to future work due to the cost
of expert annotation on multi-hop reasoning traces.
Second, due to the substantial computational cost
of GRPO training with online judge inference, our
experiments are limited to models up to 7B pa-
rameters trained on 20K samples from three multi-
hop QA benchmarks (HotpotQA, 2WikiMHQA,
MuSiQue). The observed relationship between
Faithfulness and answer accuracy is template- and
dataset-dependent. Scaling to larger models re-
mains important future work.
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A Implementation Details

Hyperparameter 0.5B-3B 7B
Per-device batch 8 8
Training GPUs 4 4
Generations 8 8
Gradient accumulation 16 16
Effective completions/update 512 512
Prompts/update 64 64
Training steps 312 312
Max completion length 256 512
Model/vLLM max length 8,192/8,192 8,192/8,192
Learning rate Se-6 3e-6
LR scheduler Cosine Cosine
Warmup ratio 0.1 0.1
GRPOclip € 0.2 0.2
KL coefficient 8 0.04 0.04
Reward weights 1.0 each 1.0 each
Precision bfloat16 bfloat16

Attention Flash Attention 2 Flash Attention 2

Table 4: Key GRPO training hyperparameters.

This section expands on the experimental setup
described in §4.
Training Framework. We implement CRAFT
using MS-Swift (Zhao et al., 2025), an efficient
fine-tuning framework for large language models.
MS-Swift provides native support for GRPO train-
ing with vLLM acceleration, enabling efficient on-
policy sampling during reinforcement learning. All
CRAFT GRPO runs use four NVIDIA H100 96GB
GPUs for policy training; the remaining four GPUs
on the 8-GPU node host the local judge. Table 4
summarizes the key hyperparameters.
Model Configuration. All CRAFT policy mod-
els are initialized from the Qwen2.5-Instruct se-
ries (Qwen Team, 2024); we train four scales:
0.5B, 1.5B, 3B, and 7B parameters. All models
use bfloat16 precision with Flash Attention 2 for
memory-efficient training. For SFT baselines, we
fine-tune each model on the same training data us-
ing standard cross-entropy loss with a learning rate
of 2e-5 and 3 epochs.
Judge Model. All primary judge calls in the re-
ported experiments use Qwen3-30B-A3B (Qwen
Team, 2025): this includes online calls that pro-
duce Ryp,itn during GRPO and offline calls that
compute the main-table Faithfulness metric. Train-
ing and evaluation nevertheless use separate data
flows. During training, the judge scores newly
sampled policy completions and the mean of the
applicable binary checks enters the GRPO re-
ward, providing graded feedback. During evalu-
ation, a frozen checkpoint first generates traces for
benchmark evaluation samples; Qwen3-30B-A3B
then re-judges those saved traces at temperature
0.0, without reusing training rewards or training

traces. Every evaluation trace receives one binary
overall_consistency verdict, and dataset-level
Faithfulness is the pass rate over all evaluation
traces.

Evaluation Aggregation. For each benchmark, we
report the mean over ten 1,000-example evaluation
runs. The same method—variant—dataset aggregate
is reused wherever it appears in multiple tables.
Reward Function Configuration. The ac-
tive reward components vary across trace tem-
plates based on the available structural fields:
CRAFT,{/CRAFT;: Rpni, Rans, Rgolds Rfaith
(full supervision); CRAFTy3/CRAFTyy: R,
Rans, Reaitn (no citation reward as <gold_docs> is
absent); CRAFTys: Ry, Rans only (no reasoning
fields for faithfulness audit). All reward weights
are set to 1.0. Each component lies in [0, 1]: Ryt
and R,y are binary, Rg1q is a three-level overlap
score, and Ryg,j1, 1S an average of binary checks.
Equal weighting therefore keeps the nominal re-
ward ranges comparable, but does not imply equal
variance or equal influence on optimization. Ryt
rises rapidly in most runs but remains active when-
ever sampled outputs violate the schema (Figure 3).
In the w/o-judge condition in Table 2, Rgp, is
removed while all other applicable reward compo-
nents are retained.

Training Data. Each prompt template uses
a dedicated training dataset of 20,000 samples:
10,000 MuSiQue, 5,000 HotpotQA, and 5,000
2WikiMHQA. Figure 4 provides a qualitative t-
SNE projection of sentence-encoder query embed-
dings; it is included as a distribution diagnostic
rather than a quantitative measure of dataset sepa-
ration.

B Additional Results

This section provides supplementary results that
expand on the main experiments in §4, including
out-of-distribution evaluation, efficiency and cost
analysis, training dynamics, full variant results, for-
mat analysis, and capacity-dependent template pref-
erence.

B.1 Out-of-Distribution Evaluation

We evaluate CRAFT on MultiHopRAG (Tang and
Yang, 2024), a held-out benchmark unseen dur-
ing training and drawn from a distinct news corpus
with different domains and question types. Because
the official release does not provide a gold-plus-
distractor setting, we construct each input from up
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MusSiQue (10,000) 2WikiMHQA (5,000) @ HotpotQA (5,000)

Figure 4: Qualitative t-SNE projection of sentence-
encoder query embeddings for the 20,000 training sam-
ples: 10,000 MuSiQue (lavender blue), 5,000 HotpotQA
(coral red), and 5,000 2WikiMHQA (mint green).

Model Dataset EM F1 Faith.
Qwen2.5-7Bpase MultiHopRAG 56.59 57.64 19.02
CRAFT75 MultiHopRAG 63.45 64.82 48.73
A - +6.86 +7.18 +29.71

Table 5: Out-of-distribution evaluation (%) on MultiHo-
pRAG. Both models use the same CRAFT,; prompt
and 10-document input construction.

to five gold documents and corpus-sampled distrac-
tors to total 10 documents (seed 42), using the same
CRAFT,; prompt format.

CRAFT7p improves over Base by 6.86 EM, 7.18
F1, and 29.71 Faithfulness points. These gains
show that structured traces and faithfulness super-
vision transfer beyond the training distribution.

B.2 Efficiency and Cost Analysis
B.2.1 Judge-Inference Overhead

We conduct a controlled 7B comparison that holds
the configuration, data, hardware, and training
length fixed, with both runs completing 312 GRPO
steps and differing only in whether R,y 1S active.

Judge inference adds 22.6% training overhead,
equivalent to 2h 10 min over 312 steps. Per-call
judge latency is 5-7 s, but much of this cost is ab-
sorbed by co-located scheduling because policy
computation dominates at 7B. For context, offline
rejection-sampling CRAFT (RS-CRAFT) takes ap-
proximately 8 h end-to-end, including 5 h 50 min of
judge scoring; online CRAFT7p requires approxi-
mately 3 h44 min more wall-clock time.

Configuration Time/step (s) Total (h)
CRAFTsg w/o judge 110.5 9.58
CRAFT75 w/ judge 135.5 11.74
A overhead +25.0 +2.16

Table 6: Controlled 7B judge-overhead comparison over
312 GRPO steps.

Variant Avg. output tokens

CRAFT,, 144.6
CRAFT,, 88.5
CRAFT,3 152.5
CRAFT,, 97.5
CRAFT,s 113

Table 7: Average 7B output length across MuSiQue,
HotpotQA, and 2WikiMHQA. Token counts exclude
input tokens.

B.2.2 Trace Length and Generation Efficiency

Trace length varies by design across CRAFT,—
CRAFT,5, exposing an explicit auditability—
efficiency trade-off. Table 7 averages output-only
token counts across the three datasets for the 7B
variants.

CRAFT,; and CRAFT,4 provide compact
structured operating points at 88.5 and 97.5 tokens,
respectively. The full v1 trace provides the rich-
est audit structure at a higher output cost, while
answer-only v5 is shortest but removes all inter-
mediate structure. This spectrum lets practitioners
select a variant according to generation budget and
required trace structure.

B.3 Training Dynamics for Additional
Variants

Figures 5-8 show the reward trajectories of
CRAFT,,—CRAFT,s throughout their complete
312-step training runs. The runs recover from
transient dips and settle into stable regimes. For
the structured variants, total reward generally in-
creases with model scale; under the answer-only
CRAFTys, the 3B and 7B runs reach similar end-
of-training levels.

Template-specific patterns: (1) CRAFT,,
shows dynamics similar to CRAFT,, with all four
reward components contributing. (2) CRAFT3
and CRAFTy4 omit R4, while their larger-scale
runs retain stable reward growth. (3) CRAFT,s
uses only Ryt and R,p¢ and is particularly effec-
tive at 0.5B, consistent with the capacity-dependent
template preference in Table 12.
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B.4 Full Results for Additional Variants

Tables 8—11 present the complete evaluation results
for CRAFT,,—CRAFT,5 across all model scales
and baselines, complementing the CRAFT,; re-
sults in the main paper (Table 1).

CRAFT,;, Results. CRAFT,, retains the same
structure as CRAFT,; but removes <plan>.
CRAFT7g achieves 51.31% EM on MuSiQue

(+17.07 points vs. Base), 65.28% on HotpotQA
(+10.72), and 75.26% on 2WikiMHQA (+19.66). It
surpasses all three API models in EM on HotpotQA
and 2WikiMHQA while reaching 82.49%-96.38%
Faithfulness.

CRAFT,; Results. CRAFT,3 removes the explicit
citation field (<gold_docs>) and Rg1q, While re-
taining judge checks over the plan, reasoning,
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Method Type MuSiQue HotpotQA 2WikiMHQA
EM F1 Faith. EM Fl Faith. EM Fl1 Faith.
Open-source
Qwen2.5-0.5B Pre-Trained 0.00 1.03 1.51 1.30 3.99 4.28 1.76 5.02 1.98
Qwen2.5-1.5B Pre-Trained 4.01 7.52 6.83 17.18 25.28 21.20 15.49 21.57 18.29
Qwen2.5-3B Pre-Trained 22.61 31.63 42.11 49.01 63.94 74.22 44.24 52.68 58.64
Qwen2.5-7B Pre-Trained 34.24 44.77 66.15 54.56 69.62 87.80 55.60 65.63 77.42
Qwen3-4B Pre-Trained 34.42 43.48 57.03 60.24 75.10 87.90 63.78 72.82 82.02
Qwen3-30B-A3B Pre-Trained 48.30 57.65 71.53 63.20 78.23 89.78 69.59 78.25 88.20
API
GPT-5-mini API 52.34 66.91 87.96 62.01 80.14 96.75 69.47 80.47 94.41
DeepSeek-V3.2 API 51.63 67.70 85.90 61.57 79.38 96.47 70.13 78.94 97.10
Gemini-2.5-Flash API 50.92 61.88 82.07 63.26 79.00 94.54 69.66 79.40 94.16
SFT
Qwen2.5-0.5B Trained 0.00 0.61 0.80 0.42 2.16 2.48 1.09 2.83 1.08
Qwen2.5-1.5B Trained 3.39 7.03 9.08 18.17 26.97 37.48 28.80 34.46 37.74
Qwen2.5-3B Trained 20.85 31.22 37.55 50.09 63.94 79.68 53.59 62.89 73.32
Qwen2.5-7B Trained 28.38 40.32 56.00 55.51 70.42 88.14 59.67 67.86 76.31
Ours (RL)
CRAFT sp Trained 0.00 2.94 90.76 0.00 6.18 83.78 0.00 7.28 89.38
CRAFT 58 Trained 19.43 24.90 56.44 48.65 61.90 72.14 43.37 49.22 50.49
CRAFT3p Trained 37.38 45.85 72.16 57.86 73.41 87.14 55.89 62.18 65.66
CRAFT75 Trained 51.31 63.06 82.49 65.28 80.10 96.38 75.26 82.51 94.40

Table 8: Main results for CRAFT,, across three multi-hop QA benchmarks. This variant removes the planning field
while retaining explicit document citation, reasoning, and answer extraction. EM/F1 and binary overall-consistency
Faithfulness are reported in percentage. Wavy underline: best among API models; straight underline: best among

all other models.

Method Type MusSiQue HotpotQA 2WikiMHQA
EM F1 Faith. EM F1 Faith. EM F1 Faith.
Open-source
Qwen2.5-0.5B Pre-Trained 021 1.56 0.88 2.05 7.36 6.29 1.74 8.74 4.42
Qwen2.5-1.5B Pre-Trained 2.35 6.83 15.25 7.27 16.56 34.59 9.60 16.95 21.61
Qwen2.5-3B Pre-Trained 17.43 26.29 38.53 38.49 51.59 70.02 34.07 43.98 61.71
Qwen2.5-7B Pre-Trained 39.11 49.50 68.47 58.38 71.91 90.53 61.07 69.85 84.52
Qwen3-4B Pre-Trained 30.04 38.99 57.45 54.87 70.17 88.31 55.79 66.64 86.84
Qwen3-30B-A3B Pre-Trained 43.39 53.42 72.32 61.40 75.90 93.59 64.22 73.64 90.31
API
GPT-5-mini APL 52.17 67.81 89.33 61.28 79.82 98.16 70.10 80.40 97.33
DeepSeek-V3.2 APIL 52.15 66.91 83.34 62.77 79.85 96.97 68.12 78.04 97.42
Gemini-2.5-Flash API 5273 63.68 81.98 64.56 79.47 95.88 70.04 79.30 96.96
SFT
Qwen2.5-0.5B Trained 1.31 6.15 6.07 13.32 22.26 19.45 21.77 26.78 16.50
Qwen2.5-1.5B Trained 8.48 16.59 15.05 3591 48.28 44.26 35.63 43.70 38.41
Qwen2.5-3B Trained 20.15 30.11 42.36 49.46 64.05 80.04 53.59 62.57 71.23
Qwen2.5-7B Trained 34.55 46.19 60.29 58.59 73.20 88.45 66.06 74.76 85.71
Ours (RL)
CRAFT s Trained 0.00 0.00 41.18 0.06 0.22 41.24 0.00 0.00 50.20
CRAFT s Trained 34.77 44.94 29.08 52.06 67.78 52.36 52.89 60.20 51.26
CRAFT3p Trained 31.88 41.09 0.75 53.13 66.20 7.29 54.87 61.91 27.38
CRAFT73 Trained 51.86 62.37 84.60 63.81 78.55 96.23 76.62 83.23 95.97

Table 9: Main results for CRAFT,3 across three multi-hop QA benchmarks. This variant removes explicit
document citation while retaining planning, reasoning, and answer extraction. EM/F1 and binary overall-consistency
Faithfulness are reported in percentage. Wavy underline: best among API models; straight underline: best among

all other models.

and answer. CRAFT7g achieves 51.86% EM on
MuSiQue, 63.81% on HotpotQA, and 76.62% on
2WikiMHQA. The model reaches 84.60%-96.23%
Faithfulness, showing that plan-reason—answer
consistency retains substantial auditable structure
even without explicit document identifiers.

CRAFT,4 Results. CRAFT,4 retains
only <reason>+<answer>. It reaches
83.17%/94.96%/92.90% Faithfulness

and 48.02%/62.64%/75.60% EM on
MuSiQue/HotpotQA/2WikiMHQA. Across
the trained 7B variants, v3 is highest in Faithful-
ness on MuSiQue, v2 on HotpotQA, and vl on
2WikiMHQA, showing that the compact v4 trace
remains competitive but is not uniformly best.

CRAFT,5 Results. CRAFT,5 uses direct an-
swer generation without structured reasoning traces
(Rpaith and Rgoq not applicable). At 7B, it
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Method Type MuSiQue HotpotQA 2WikiMHQA
EM F1 Faith. EM Fl Faith. EM Fl1 Faith.
Open-source
Qwen2.5-0.5B Pre-Trained 0.39 2.62 5.00 2.74 7.51 13.76 4.85 10.09 8.02
Qwen2.5-1.5B Pre-Trained 4.24 9.67 16.87 27.36 36.88 44.50 21.26 28.33 31.48
Qwen2.5-3B Pre-Trained 21.91 32.32 41.55 48.93 61.63 76.24 41.46 50.78 60.12
Qwen2.5-7B Pre-Trained 38.41 49.14 76.53 60.12 74.40 93.72 60.80 70.37 86.65
Qwen3-4B Pre-Trained 38.42 47.69 77.53 60.66 76.05 95.49 65.32 74.45 93.80
Qwen3-30B-A3B Pre-Trained 46.85 56.32 85.28 63.40 78.20 96.88 70.69 78.98 96.12
API
GPT-5-mini API 52.38 68.00 92.87 60.84 79.84 98.12 69.83 81.01 97.18
DeepSeek-V3.2 API 53.10 68.16 87.45 61.83 78.47 98.10 71.24 79.16 98.79
Gemini-2.5-Flash API 51.38 62.90 89.62 63.36 79.80 97.10 70.70 79.21 97.86
SFT
Qwen2.5-0.5B Trained 0.62 4.76 14.52 11.36 20.97 37.96 22.37 28.59 26.71
Qwen2.5-1.5B Trained 8.22 13.53 16.54 34.76 45.49 53.73 36.59 44.12 43.17
Qwen2.5-3B Trained 22.38 31.82 48.88 50.25 63.74 84.38 54.69 63.34 73.35
Qwen2.5-7B Trained 30.11 41.53 65.80 57.54 71.84 89.40 63.92 72.97 82.37
Ours (RL)
CRAFT sp Trained 0.00 2.15 85.43 0.00 3.97 91.82 0.00 4.21 85.70
CRAFT s Trained 34.15 44.93 55.74 47.42 62.14 57.90 48.92 56.75 55.93
CRAFT3p Trained 34.63 43.49 66.41 56.72 71.40 87.12 61.57 69.78 76.41
CRAFT75 Trained 48.02 59.94 83.17 62.64 77.84 94.96 75.60 82.04 92.90

Table 10: Main results for CRAFT,4 across three multi-hop QA benchmarks. This variant retains only reasoning
and answer extraction, providing a compact structured trace. EM/F1 and binary overall-consistency Faithfulness are
reported in percentage. Wavy underline: best among API models; straight underline: best among all other models.

Method Type MuSiQue HotpotQA 2WikiMHQA
EM F1 EM Fl EM Fl1
Open-source
Qwen2.5-0.5B Pre-Trained 0.40 323 5.50 12.02 6.32 12.55
Qwen2.5-1.5B Pre-Trained 9.67 17.63 35.75 47.66 26.23 33.32
Qwen2.5-3B Pre-Trained 23.38 33.23 49.73 62.52 41.25 50.25
Qwen2.5-7B Pre-Trained 31.43 4191 53.38 67.97 51.01 59.21
Qwen3-4B Pre-Trained 39.64 49.19 60.19 75.30 57.11 67.29
Qwen3-30B-A3B Pre-Trained 48.78 59.31 62.79 78.33 64.37 73.61
API
GPT-5-mini API 51.22 65.02 63.59 80.55 64.62 76.69
DeepSeek-V3.2 API 58.51 70.72 64.35 80.37 66.36 76.47
Gemini-2.5-Flash API 55.48 67.22 66.11 81.03 71.54 80.78
SFT
Qwen2.5-0.5B Trained 0.13 0.91 0.78 2.99 2.87 4.84
Qwen2.5-1.5B Trained 10.30 17.38 33.16 46.02 33.71 41.19
Qwen2.5-3B Trained 18.53 27.16 44.65 59.07 50.56 58.17
Qwen2.5-7B Trained 25.60 36.27 54.30 68.26 55.47 63.41
Ours (RL)
CRAFT 58 Trained 23.87 33.30 36.70 50.23 36.65 43.71
CRAFT 58 Trained 34.75 44.25 50.23 66.07 46.34 53.13
CRAFT3p Trained 43.59 53.71 59.65 73.77 53.64 62.13
CRAFT78 Trained 49.95 60.51 59.80 74.79 60.34 67.72

Table 11: Main results for CRAFT,s across three multi-hop QA benchmarks. This answer-only variant removes
structured reasoning fields, so Faithfulness is not applicable and only EM/F1 are reported. Wavy underline: best
among API models; straight underline: best among all other models.

achieves 49.95% EM on MuSiQue, 59.80% on Hot-
potQA, and 60.34% on 2WikiMHQA. At 0.5B, v5
reaches 23.87%/36.70%/36.65% EM, far above the
structured variants, indicating that direct answer
optimization is substantially easier for the smallest
model.

B.5 Format Compliance Analysis

Expanding on the format compliance summary
in §4.4, Table 12 presents measured compliance
on 2,000 randomly sampled examples from each

dataset for every CRAFT variant and model scale.

GRPO substantially improves format compli-
ance across most settings. Base models strug-
gle with structured output, particularly at smaller
scales: 0.5B and 1.5B base models achieve near-
zero format accuracy on complex templates, while
3B Base averages range from 6.43% to 50.28%
on CRAFT,|-CRAFT4. For 0.5B, the GRPO
changes on these four templates are +24.97, +94.65,
—0.03, and +98.47 percentage points; the v3 excep-
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Model Dataset CRAFTy; CRAFT,, CRAFT,3 CRAFT,y CRAFT,s
Base GRPO Base GRPO Base GRPO Base GRPO Base GRPO
Owen2.5-0.5B
Avg. 0.00 24.97 1.12 95.77 0.03 0.00 1.03 99.50 9.02 100.00
HotpotQA 0.00 25.00 0.10 95.20 0.10 0.00 0.80 99.10 5.65 100.00
2WikiMHQA 0.00 35.70 3.25 94.90 0.00 0.00 2.30 99.80 16.50 100.00
MuSiQue 0.00 14.20 0.00 97.20 0.00 0.00 0.00 99.60 4.90 100.00
QOwen2.5-1.5B
Avg. 0.05 91.90 2.12 87.53 0.22 96.30 1.20 94.17 0.75 100.00
HotpotQA 0.00 90.80 2.95 95.90 0.05 96.40 1.00 93.20 0.70 100.00
2WikiMHQA 0.00 92.80 0.80 92.90 0.00 98.10 1.40 94.50 1.35 100.00
MuSiQue 0.15 92.10 2.60 73.80 0.60 94.40 1.20 94.80 0.20 100.00
QOwen2.5-3B
Avg. 13.27 96.27 50.28 99.30 6.43 15.60 15.57 98.83 41.62 100.00
HotpotQA 14.80 95.00 55.25 99.40 4.30 9.60 27.60 98.90 32.80 100.00
2WikiMHQA 7.70 98.90 33.80 99.80 6.30 35.70 8.20 99.70 23.95 100.00
MuSiQue 17.30 94.90 61.80 98.70 8.70 1.50 10.90 97.90 68.10 100.00
Owen2.5-7B
Avg. 94.13 98.98 99.20 99.62 94.40 98.50 61.65 98.55 15.35 100.00
HotpotQA 96.10 99.45 99.45 99.85 95.65 99.40 49.50 99.45 11.15 100.00
2WikiMHQA 95.40 99.80 99.30 99.60 95.95 99.45 72.90 98.65 9.55 100.00
MuSiQue 90.90 97.70 98.85 99.40 91.60 96.65 62.55 97.55 25.35 100.00

Table 12: Measured format compliance (%) across CRAFT variants, model scales, and datasets. “Avg.” is the
arithmetic mean over MuSiQue, HotpotQA, and 2WikiMHQA. GRPO improves schema compliance across most

settings; CRAFT,3 remains the most challenging structured template at 0.5B and 3B.

Version| Base Model Errors (7B) GRPO Model Errors (7B)
vl Truncated reason: Runaway reason:
response ends at [Answer repeated text reaches the length
<— missing </reason> and an-|limit
swer block <— missing closing fields
v2 Tag mismatch: Near-perfect compliance v
<answer>[Rabbi Dovber
Schneuri]
closed with [/answer] instead
of </answer>
v3 Truncated reason: Runaway reason:
response ends before | repeated text reaches the length
</reason> limit
<— answer block absent <— answer block absent
v4 Missing closing tag: Extra text:
<answer>1986 generated text continues after
<— missing </answer> </answer>
v5 Wrong format: No format failures v*
bare text without XML tags
e.g., [1493]

Table 13: Representative 7B format behavior across
template versions. GRPO achieves 98.50%—100.00%
average compliance; the displayed GRPO failures are
residual cases.

tion remains at 0.00%. The corresponding improve-
ment ranges are 85.42-96.08 points for 1.5B,9.17-
83.27 points for 3B, and 0.42-36.90 points for 7B.
The 7B GRPO models reach 98.50%-99.62% com-
pliance across CRAFT,|—-CRAFT,4.

Format compliance alone does not imply an-
swer quality. CRAFT( s reaches 99.50% format
compliance on v4 but remains at 0.00% EM on
all three datasets, so it learns the schema with-
out learning correct answers. In contrast, answer-
only v5 reaches 100.00% compliance together with
23.87%-36.70% EM. CRAFT(sg-v3 has 0.00%
format compliance, and CRAFT35-v3 reaches only

15.60%; the latter agrees with the low v3 Faithful-
ness in Table 9. At 7B, all five variants achieve
96.65%—-100.00% dataset-level format compliance,
indicating that the remaining performance differ-
ences are not explained by schema adherence
alone.

B.6 Format Error Analysis

At 7B, GRPO reaches 98.50%—-100.00% average
format compliance across all five variants (Ta-
ble 12). Table 13 therefore focuses on the small
residual error set, including occasional missing
closing tags, response truncation, and extra text,
while CRAFT,; and CRAFT,s are near-perfect or
perfect in the measured cohort.

B.7 Capacity-Dependent Template Preference

The 0.5B results reveal a clear capacity-
dependent template preference. SFT obtains
its strongest structured-template performance

with CRAFT,; and CRAFT,4, whereas
GRPO favors the answer-only CRAFT,s,
which reaches 23.87/36.70/36.65% EM on

MuSiQue/HotpotQA/2WikiMHQA and substan-
tially outperforms the structured variants at this
scale.

This pattern yields a practical operating point:
CRAFT,; is the most effective 0.5B configura-
tion for answer accuracy. Removing intermediate
generation requirements concentrates the smallest
model’s capacity on answer optimization; at larger
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Table 14: Case study: Base model produces the correct
answer through unfaithful reasoning, while CRAFT7g
achieves both correctness and faithfulness.

scales, structured variants recover strong answer
performance while providing richer auditability.

C Case Studies

These examples illustrate two complementary fail-
ure modes that CRAFT addresses: right-answer-
wrong-reason and wrong-answer-wrong-reason. In
both cases, CRAFT7g restores faithful evidence
use and receives an all-checks-pass audit.

C.1 Case: Base (EM=1, F,,,=0) —» CRAFT
(EM=1, Fova=1)

Table 14 presents a MuSiQue case where the base
model gives the correct answer through unfaith-
ful reasoning. It answers “$59,039” but confuses
Aaron Spelling with Lorraine Crosby, concludes
that the creator is English, and then uses US in-
come data from outside its declared evidence set.
The audit catches this distractor-induced entity
confusion and citation-boundary violation, while
CRAFT7p traces Spelling—American—US in-
come and passes all four checks.

C.2 Case: Base (EM=0, F,,=0) — CRAFT
(EM=1, Foya=1)

Question: What type of radio stations played songs
by the group who released the album Holiday Har-
mony?
Gold Answer: pop/soft rock stations

Table 15 presents an additional HotpotQA case
where both accuracy and faithfulness are corrected.

Aspect  |Base (EM=1, Faith=0) CRAFT75 (EM=1, Faith=1) Aspect  [Base Model (EM=0, F.,1=0)| CRAFT75 (EM=1, Foya1=1)
Plan Subql: Who is the creator? Subql: Who is the creator? Plan Subql: Who released Holiday|Subql: Which group released
Subq2: What is the nationality? | Subq2: What is the creator’s na- Harmony? Holiday Harmony?

Subq3: What is the avg income? | tionality? Subq2: What type of radio sta-| Subq2: What type of radio sta-
Subq3: What is the avg income tions played that group’s songs? | tions played that group’s songs?
for that nationality? Gold [6, 7] [6, 7]
Gold 7, 13] [9,7,1] Docs
Docs Reason |Docs [6, 7] identify America|Doc [6]: America released Hol-
Reason |Identifies Aaron Spelling (doc|Doc [9]: Spelling created Mac- as the group. The trace then|iday Harmony. Doc [7]: Amer-
[7]). Confuses him with Lor- Gruder and Loud. Doc [7]: cites undeclared doc [8] about |ica’s songs received airplay on
raine Crosby (doc [13]), con-|Spelling is American. Doc [1]: another group’s song to infer | pop/soft rock stations.
cludes “English”, then cites|US average salary is $59,039. Adult Contemporary airplay.
out-of-boundary doc [1] for Answer |Adult Contemporary pop/soft rock stations v’
USlincome; 1 Judge Evaluation
Answer |$59,039 v (correct but unfaith-|$59,039 v o T~ Plan steps are present T~ Plan followed
Jful) ce 0 - Cites doc [8], outside|l - All citations stay within
Judge Evaluation gold_docs [6, 7] gold_docs
Cr 0 - Concludes “English” despite | 1 - Ca 1 - Answer follows the stated |1 - Answer follows the stated
identifying Spelling creator—nationality—income chain chain
ce 0 - Cites doc [1], outside|l - All cited docs in gold_docs cg 0 - Doc [8] concerns a different| 1 - All claims verified
gold_docs [7, 13] group
Ca 0 - Derives “English” but uses|1 - $59,039 supported by rea- RETJ’Q 0.50 1.00
US income soning Foval 0 1
cg 0 - “Creator is English” unsup-| | - All claims verified
orted
Fovm 8 1 Table 15: Case study: the Base model combines an

out-of-boundary citation with unsupported evidence and
returns an incorrect answer, while CRAFT recovers both
correctness and an all-checks-pass audit.

The base model combines an out-of-boundary ci-
tation with unsupported evidence and returns the
wrong answer, while CRAFT7p stays within the
declared evidence and recovers the correct answer.
This case also illustrates the distinction between
component-average training reward (0.50 from two
of four passing checks) and the binary evaluation
verdict (0).

Together, the two cases show that CRAFT’s dual
reward design improves both answer correctness
and reasoning faithfulness, including cases where
answer-only metrics would miss the underlying
failure.

33072



