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ABSTRACT

Search agents enable Large Language Models (LLMs) to iteratively retrieve and
use information for complex multi-hop questions. Reinforcement Learning with
Verifiable Rewards (RLVR) offers a promising approach for post-training such
agents, but its reliance on sparse, outcome-based supervision can make credit as-
signment difficult and limit learning efficiency. In this paper, we systematically
investigate how intermediate supervision can improve reinforcement learning for
search agents. We study a range of reward-shaping and credit-assignment strate-
gies that provide learning signals from intermediate retrieval steps. Building on
these insights, we develop a training framework that combines intermediate sig-
nals with final outcome rewards to improve learning from multi-step search tra-
jectories. Experiments across multiple benchmarks under matched training condi-
tions demonstrate improvements in aggregate search-agent performance and show
that both the choice of intermediate signal and where its credit is assigned affect
training behaviour. These findings show that reward design and credit assignment
are important design dimensions for training effective search agents.

1 INTRODUCTION

Retrieval-augmented generation (RAG) (Lewis et al., 2020) allows large language models to answer
questions using external evidence. For complex questions, the required evidence may be spread
across several documents, and an initial retrieval may reveal what the model needs to search for next.
Search agents such as Search-ol (Li et al., 2025a) address this problem by interleaving reasoning
with retrieval, using each observation to guide subsequent actions. Search-R1 (Jin et al., 2025b) and
ReSearch (Chen et al., 2025) use reinforcement learning with verifiable rewards (RLVR) to train this
behaviour from answer feedback. Through interaction with a search environment, the policy learns
which queries to issue and how to use the returned information to answer the question.

A final outcome reward, however, provides limited information about the searches along the way.
Two trajectories can both receive zero answer reward even though one retrieves part of the required
evidence and the other retrieves none. When all rollouts in a question group receive the same an-
swer score, group-relative training supplies no outcome advantage, leaving differences in retrieval
progress unused. Intermediate supervision can make this progress available to the learner before
it produces a correct final answer. Yet a retrieval score alone does not specify how to update the
policy: the same evidence gain can change the reward for the whole trajectory or provide credit to
the particular search that produced it.

We therefore investigate how intermediate retrieval supervision depends on its credit assignment. We
study two connected choices: what retrieved information should earn a reward, and how that reward
should enter the policy update. A search can retrieve a fact before finding the evidence needed to
establish its prerequisites. Rewarding that fact immediately recognises evidence already acquired,
while waiting for its prerequisites rewards progress through the annotated dependency structure.
These choices can assign credit to different searches even when the agent eventually retrieves the
same evidence. Adding that credit to the final reward changes the shared advantage for the whole
trajectory, whereas assigning it locally changes the update on a particular search action. Comparing
retrieval signals under both formulations lets us examine whether a signal’s benefit persists across
these choices.
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Figure 1: Observed coverage and schematic credit assignment. (a) An observed search matches v
and vs; the missing father link at v, blocks dependency credit for vz, giving Cov 0.67 and Cov-Dep
0.33. Text is abridged. (b) Scalar changes the shared advantage; local retains the outcome advantage
and adds credit on executed query tokens (Equations 4-5). Tool observations are masked. Colour
shows support, not magnitude.

To support this study, we develop a data construction pipeline that composes corpus-grounded rela-
tions into questions while retaining intermediate answers, supporting passages and evidence depen-
dencies. The intermediate answers and supporting passages identify which subquestions a retrieval
helps answer, while the dependency structure records how those subquestions connect. Retaining
both lets us change the rule for crediting evidence while holding the questions and their grounding
fixed. The same annotations also support analysis of what a trained agent retrieves, separately from
whether its final answer is correct.

Using these annotations, we compare three retrieval signals on the same observations. Grounded
evidence coverage (Cov) measures how much of the annotated evidence has been retrieved; coverage
with dependencies (Cov-Dep) requires the same evidence to satisfy prerequisite relations; answer
match (AM) checks for a reference answer in the retrieved text. Each signal supplies either a scalar
reward bonus or a local, group-relative advantage alongside the final outcome reward (Figure 1).
Within local credit, we further test whether feedback needs to remain aligned with its source search
and whether its benefit is concentrated in groups with tied outcome rewards.

We evaluate these choices with Qwen3-4B across seven QA benchmarks. Both scalar and local
retrieval supervision improve on outcome-only training, with local credit giving the largest gains.
Cov-local improves average F1 by 3.09, with a larger gain of 4.81 on multi-hop QA. Our controlled
comparisons further show that the effectiveness of a retrieval signal depends on how its credit is
incorporated and whether it remains aligned with the action that produced it. These results show
that retrieval rewards should be designed together with the way their credit enters the policy update.

We further compare Cov-local with outcome-only training on annotated development questions.
Cov-local retrieves more supporting evidence, while the two policies show similar coverage-
conditioned answer F1. This suggests that the main change lies in evidence acquisition.

2 CONSTRUCTING CORPUS-GROUNDED RETRIEVAL REWARDS

Given a question x, a search agent produces a trajectory 7 = (ay,01,...,ar,or,y). Each search
action a; uses the question and previous observations to retrieve passages oy, which guide subsequent
searches and the final answer y.

We construct questions with annotated subquestions and supporting passages to measure the evi-
dence acquired along a trajectory. Below, we describe the data and define three retrieval signals and
their per-search increments.
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2.1 TRAINING DATA AND EVIDENCE ANNOTATIONS

To evaluate intermediate retrieval during training, we construct questions together with their support-
ing evidence. A final answer alone cannot identify which intermediate facts a search has recovered.
Our construction therefore preserves the subquestions, their dependencies and their source passages
alongside each question, providing annotations for retrieval supervision as well as outcome evalua-
tion. Following MuSiQue (Trivedi et al., 2022) in composing questions with dependent reasoning
steps, we begin with entity pairs that co-occur within a KILT sentence and are linked by a Wikidata
relation (Vrandeci¢ & Krotzsch, 2014). We retain the source passage for each relation, allowing the
evidence to be traced back to Wikipedia as relations are combined into questions.

We compose these relations into chains and conjunctive structures. For chains, we favour relation
types that usually map a subject to one object, and require each selected subject—property pair to
have exactly one object. This object can then serve as the subject of a subsequent step. For con-
junctive structures, each branch must admit multiple candidates while their intersection identifies a
single answer. Within the selected relations, neither branch alone determines the answer, so their
combination adds a constraint rather than repeating an already sufficient relation. The resulting de-
composition forms a graph in which each node represents a subquestion with its own answer, and
directed edges record dependencies on earlier answers. A node can therefore require evidence from
multiple passages. For example, “Which university did both person A and person B attend?” com-
bines two education relations into one subquestion. We attach both supporting passages to this node,
whereas a node representing a single relation retains that relation’s source passage.

Once the structure is selected, GPT-5.6 Luna generates a descriptive reference for each root en-
tity without naming it. Templates use these references and the selected relations to assemble the
question, reference answer aliases, subquestions and dependency edges. The graph determines the
answer and decomposition; the generated description supplies a way to refer to the starting entity
in the question. For each subquestion, we also record the locations of its supporting passages and
annotate mentions of its answer within them. These locations connect the generated question to the
retriever’s chunks: a node is covered when retrieved chunks match all of its required passages. The
graph edges specify which earlier answers a subquestion depends on, while the attached passages
specify the evidence needed to answer it. Both coverage signals below use these annotations; answer
match uses only the original question’s reference answer aliases.

We then exclude records with missing grounding, detected graph shortcuts, or unmatched struc-
tural categories, and sample deterministically from ten categories covering single-evidence, con-
junctive, chain, and fan-in questions. This produces 14,000 training questions shared by all con-
ditions. The training mixture contains 2,500 one-hop, 3,300 two-hop, 4,900 three-hop and 3,300
four-hop questions, grouped by their construction templates. The one-hop subset includes 1,200
single-evidence and 1,300 conjunctive questions; the remaining questions comprise 5,400 chain,
1,600 wide and 4,500 fan-in structures. The mixture therefore includes both sequential dependen-
cies and evidence combined across branches. These categories describe annotated structures, not the
number of searches an agent must execute.

Retaining both passage-level evidence and dependencies lets us score the same retrieved observa-
tions with or without prerequisite constraints, while holding the questions and grounding fixed. We
also reserve a separate set of annotated questions for the evidence-coverage analysis in Section 5.3.
The construction therefore supports both reward comparisons and analysis of search behaviour.!

2.2 RETRIEVAL SIGNALS

Grounded evidence coverage (Cov). Let V,, be the subquestion nodes for question z and D<; the
documents observed through search action ¢. Following Section 2.1, let ¢,(D<;) equal one when
the retrieved chunks match all required supporting passages of node v, and zero otherwise. Cov
measures the fraction of covered nodes:

Poov(t) = ‘Vw|_1 Z CU(DSt)- (D

veEV,

! Appendix B provides construction constraints, mixture counts, and details of passage matching and ground-
ing checks.
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Cov credits a covered node regardless of whether evidence for its predecessor nodes has been re-
trieved.

Coverage with dependencies (Cov-Dep). Cov-Dep uses the same passage-matching rule but
credits a covered node only after its prerequisite nodes have also been credited. Let pa(v) denote
these prerequisites; root nodes have pa(v) = @. Starting from an empty credited set, repeatedly add
covered nodes whose prerequisites are already in the set. The resulting set S; is the least fixed point

1S
A

Sy = {U €eVy: CU(DSt) =1, pa(v) - St}a ¢Cov—Dcp(t) )

Both coverage signals require all passages of a conjunctive node and give each node equal weight.
Their difference is whether dependencies between nodes constrain credit. For a chain A — B — C,
retrieving evidence for A and C gives Cov 2/3 but Cov-Dep 1/3. Retrieving B later unlocks both
B and the already covered C'. Thus closure can change the timing and magnitude of credit without
requiring the agent to retrieve evidence in graph order.

Answer match (AM). AM checks whether a retrieved document contains a reference answer alias
for the original question. It compares normalised strings in the document title and body. The poten-
tial pan(t) becomes one after the first match and remains zero until then. AM needs no subquestion
graph or evidence-location annotations, but an answer string can occur in an unrelated passage. All
three signals use completed tool observations.

Retrieval-progress events. The potentials above measure cumulative progress. To identify what
each search adds, we convert them into nonnegative increments over the previous maximum. For
X € {Cov, Cov-Dep, AM}:

e = max (O, dx(t) — Jnax gf)x(u)) , ¢$x(0) = 0. 3)

<u<t

Repeated retrieval of already credited evidence produces a zero retrieval-progress event. We use this
event definition for all three signals. Their final accumulated progress can be equal even when credit
arrives at different searches. Section 3 describes how these events enter the policy update.

3 ASSIGNING RETRIEVAL CREDIT TO POLICY UPDATES

Retrieval events indicate which searches acquire new evidence, but using these events for learning
also requires deciding where to assign credit. We compare two approaches: scalar incorporation
combines retrieval progress with the final outcome reward for the whole trajectory, while local in-
corporation adds retrieval credit to the search action that produced the evidence.

Both approaches build on Group Relative Policy Optimisation (GRPO) (Shao et al., 2024). For each
question, the policy samples a group of trajectories, and their outcome rewards are standardised
within the group to obtain relative advantages. Let r; be the outcome reward for trajectory ¢, k
index response tokens, and z(-) denote this group standardisation. Under outcome-only GRPO, the
advantage A" = z(r); is shared by all trainable response tokens in trajectory i. We retain the same
clipped policy objective and change the advantages supplied to it: scalar incorporation changes this
shared advantage, while local incorporation retains it and adds an action-specific term (Figure 1b).

Scalar incorporation. Writing e} for the retrieval event at action ¢ in trajectory 4, scalar incorpo-
ration uses

RY =ritad ey, AR =z(RY). 4)
t

Here « scales the accumulated retrieval bonus, which equals the final maximum potential before
scaling. Ordinary GRPO then broadcasts the resulting advantage to trainable response tokens, with
no local residual. Retrieval differences can change trajectory rankings and can supply variance even
when the original answer scores are tied.
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Action-aligned local incorporation. Local incorporation keeps the scalar outcome score r;. At
each search step ¢, we centre retrieval events across eligible rollouts for the same question. Lo-
cal credit requires valid action-to-token alignment and at least two eligible rollouts with nonzero
variance in their retrieval events. We standardise each retrieval signal and then the combined local
component. With one active signal, these two passes give £ = z(z(eX )); with both standardisation
passes using the same eligible set. Ineligible or constant groups have zero local residual.

Let &; contain the eligible retrieval-action indices in trajectory ¢. For ¢t € &;, let Q;; be the nonempty
set of trainable executed-query tokens and L;; the trainable length of the corresponding full tool-call
payload. We use the full tool-call length to set the event mass M;; = Ll—t@f , then distribute this
mass across ;. The resulting token advantage is

Lt
|Qie|

The coefficient A controls the strength of local retrieval credit. This credit is signed: a below-group-
average event can receive negative credit. The outcome advantage remains on all trainable response
tokens, including those receiving local credit. When no retrieval event is eligible, the local sum is
zero. Tool responses are excluded from the policy loss. The residual can reinforce or oppose the
outcome advantage. Equation 5 preserves the total event mass when distributing it across tokens;
the full tool-call length sets its scale.

Alic];cal — A;?Ut + A Z l[k S ta]

te&;

(&)

Controlled comparisons. We further conduct controlled comparisons within the local formulation
to examine event—action correspondence and which outcome groups benefit from retrieval credit.
First, the permutation conditions test whether retrieval credit needs to remain aligned with the action
that produced it. They shuffle nonzero signed event masses across rollouts for the same question at
the same search step, preserving the available credit while breaking event—action correspondence.
Second, the outcome-group restrictions test whether local credit is useful mainly when the outcome
reward cannot distinguish trajectories. For both Cov and AM, flat-only retains local credit only in
groups with tied answer scores, where the outcome advantage is zero; no-flat retains it only in groups
with differing scores. Both retain the outcome advantage and leave the remaining local updates
unscaled. These restrictions therefore compare where local credit is applied while also reducing its
total amount.”

4 EXPERIMENTAL DESIGN AND RESULTS

Training and evaluation. We train Qwen3-4B-Instruct-2507 (Qwen Team, 2025) on the same
14,000 questions. The searchable corpus is the KILT-2019 Wikipedia corpus (Petroni et al., 2021),
partitioned into over 29 million 100-word chunks. Retrieval uses ES-base-v2 (Wang et al., 2022)
and returns three chunks per query. The retriever remains fixed during policy optimisation. Train-
ing uses GRPO with five rollouts per question and the same training budget across conditions. The
outcome reward is answer F1, r; = F1(y;,y*). Our baseline, outcome-only training (0O), uses
this reward without retrieval supervision. All conditions share the clipped policy objective and KL
regularisation, differing only in the reward or token advantage supplied to the objective. Group stan-
dardisation uses the sample standard deviation with ¢ = 10~°. All results use the final checkpoint
and greedy decoding. Appendix A gives the remaining settings.

We use a common scalar coefficient @ = 0.25 to add retrieval supervision while giving outcome
reward greater weight in the combined score. Offline checks show that this setting preserves most
outcome rankings on saved trajectories (Appendix A.4). For local incorporation, we use a fixed
coefficient A = 0.5 across all conditions, keeping the scaling coefficient constant when comparing
signals and credit-assignment rules.

We evaluate on 2WikiMultiHopQA (Ho et al., 2020), HotpotQA (Yang et al., 2018), MuSiQue
(Trivedi et al., 2022), Bamboogle (Press et al., 2023), Natural Questions (Kwiatkowski et al., 2019),
TriviaQA (Joshi et al., 2017), and PopQA (Mallen et al., 2023). We use the sampled evaluation sets
provided by Zheng et al. (2025). Each dataset contains 512 evaluation examples except Bamboogle,

2Appendix A gives signal-matching rules, eligibility and normalisation checks, and details of permutation
and outcome-group gating.
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Table 1: Answer F1 (%) on all seven datasets. Avg summarises performance across all seven
datasets. Cov measures grounded evidence coverage; Cov-Dep adds dependency constraints to the
same coverage signal. AM uses retrieved-answer matching. Bold marks the highest value in each
column. The blocks compare scalar and local incorporation for each signal. Figure 3 reports the
local-credit interventions; complete F1 and EM results for all 13 conditions appear in Appendix C.

Method 2Wiki HotpotQA MuSiQue Bamboogle NQ TriviaQA PopQA  Avg
00 57.30 53.74 24.93 57.73 42.04 7446 5345 51.25
Cov-scalar 59.26 57.54 25.69 59.51 43.08 74.09 54.50 52.64
Cov-Dep-scalar 57.81 58.42 25.11 59.54 44.51 74.58 54.88 52.82
AM-scalar 59.27 57.11 25.89 60.21 43.25 7445 54.16 52.66
Cov-local 62.82 58.91 28.84 61.91 43.43 75.86  54.37 54.34
Cov-Dep-local  60.96 59.49 25.49 58.29 42.01 76.09 52.42 52.96
AM-local 59.26 59.13 27.23 59.01 43.23 76.31 54.57 53.51

which contains 125. We primarily report answer F1 in the main text and provide exact match (EM)
results in Appendix C. Avg denotes the micro average over all 3,197 examples, giving each question
equal weight. This benchmark suite informed development decisions; we use the separate 1,200-
question synthetic development split to analyse evidence coverage (Section 5.3).

4.1 THE BENEFIT OF A SIGNAL DEPENDS ON ITS INCORPORATION

Table 1 shows that local incorporation outperforms scalar incorporation for each retrieval signal,
with the largest gain for evidence coverage. Cov-local achieves 54.34 average F1, compared with
51.25 for outcome-only training. All three scalar variants also improve over OO, but assigning
credit locally yields further gains whose size depends on the retrieval signal. The signal ranking
also changes: Cov is strongest under local incorporation, whereas Cov-Dep is strongest under scalar
incorporation.

Comparing Cov with Cov-Dep shows how dependency constraints affect scalar and local training
differently. Both use the same evidence nodes and grounding, but Cov credits a newly covered
node before its prerequisites are retrieved. Removing dependency closure raises local F1 from 52.96
to 54.34, whereas scalar F1 changes from 52.82 to 52.64 (Figure 3a). The two formulations use
retrieval events differently: scalar incorporation sums them before group normalisation, while lo-
cal incorporation compares them at each search step. Even when two event sequences end at the
same coverage, they can produce different local updates. This distinction helps explain why signal
construction must be considered together with incorporation.

4.2 PERFORMANCE ACROSS TASKS

Figure 2 shows that both Cov-local and AM-local improve multi-hop and single-hop QA, with larger
gains on multi-hop QA. Cov-local has a larger advantage on multi-hop QA, while AM-local slightly
exceeds it on single-hop QA. The clearer distinction is on multi-hop QA, where tracking evidence
for intermediate subquestions yields a larger gain than matching the final answer string. The benefit
of local incorporation nevertheless depends on the signal and task group. Cov-Dep-local improves
over its scalar counterpart on multi-hop QA but falls below it on single-hop QA. Both Cov-local
and AM-local improve over OO on all seven benchmarks, extending their benefits across both task
groups.

5 WHICH PROPERTIES OF RETRIEVAL CREDIT MATTER?

We examine how preserving event—action correspondence and choosing which outcome groups re-
ceive retrieval credit affect performance. We then analyse evidence acquisition by the trained poli-
cies on the annotated development questions.



Preprint

Bm Scalar W Local

Multi-hop Single-hop
o
o o
€
g .
[}
o -
c
IS
o ]
£ 1.23 1.34 1.38
°

N 0.57 0.63
. B4 e
Cov Cov-Dep AM - Cov Cov-Dep AM

Figure 2: Scalar and local credit relative to OO across task groups. Each score averages over the
group’s evaluation questions. Appendix C.1 gives full scores and benchmark composition.
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Figure 3: F1 comparisons under three retrieval-credit interventions. (a) Removing closure helps
local incorporation, but not scalar incorporation. (b) Aligned minus permuted F1 overall and within
each task group; positive values favour aligned credit. (c) Using both outcome groups gives the
highest aggregate F1 for Cov and AM; the dashed line denotes OO.

5.1 PRESERVING ACTION CORRESPONDENCE IMPROVES LOCAL CREDIT

Local credit links a search action to the evidence it retrieves. We test whether this link matters
by comparing aligned credit with permuted credit for both Cov and AM. In the aligned condition,
each eligible search receives the credit computed from its own retrieval event. In the permuted
condition, we shuffle nonzero signed event masses across rollouts for the same question at the same
search step. Credit still applies to query tokens, and the shuffle preserves the signed event masses; it
changes which search receives each credit.

Figure 3b shows that aligned credit outperforms permuted credit for both signals, increasing average
F1 by 2.12 for Cov and 3.12 for AM. The advantage is larger on multi-hop QA than on single-hop
QA. This pattern suggests that associating feedback with the search that produced it is particularly
useful when answering a question requires several pieces of evidence.

Compared with OO, Cov-permute still achieves higher F1 (52.22 versus 51.25), while AM-permute
performs worse (50.39). Coverage supervision therefore retains some benefit even when credit is
reassigned, but preserving the correspondence raises F1 further to 54.34. For both signals, assigning
credit to its source search is more effective than randomly reassigning it among searches.

5.2 RESTRICTING LOCAL CREDIT TO OUTCOME TIES LIMITS ITS BENEFIT

For both Cov and AM, we compare local credit applied to all rollout groups with flat-only, which
retains it only in groups with tied answer scores, and no-flat, which retains it only in groups with
differing scores.

For both signals, using all groups gives the highest aggregate F1, followed by no-flat and then flat-
only (Figure 3c). For Cov, excluding tied-outcome groups reduces F1 by 0.32, whereas retaining
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Figure 4: Final coverage distribution for OO and Figure 5: Mean answer F1 at each final Cov
Cov-local on the same 1,200 development ques- value. Each policy is grouped separately, so the
tions. Bars give the number of questions at each curves can contain different question IDs at the
Cov value. same coverage.

only those groups reduces it by 2.27. AM follows the same ordering, with losses of 1.44 and 2.19,
respectively. Thus useful retrieval supervision is not confined to groups where the outcome reward
cannot distinguish trajectories. Cov-flat-only remains above OO, while AM-flat-only performs sim-
ilarly to OO. Both restrictions reduce the amount of local credit as well as changing which groups
receive it.

5.3 EVIDENCE ACQUISITION

We compare OO and Cov-local on the same 1,200 synthetic development questions using the bench-
mark evaluation settings. The grounded annotations let us measure how much of the required evi-
dence each policy retrieves. Figure 5 also plots answer F1 conditional on coverage for each policy.
Appendix A.5 describes the trajectory analysis.

Across both policies, higher evidence coverage is associated with higher answer F1 (Figure 5), link-
ing the retrieval signal to answer quality. Figure 4 shows that local coverage supervision shifts more
questions towards higher evidence coverage. Cov-local reduces the number of zero-coverage ques-
tions from 616 to 551 and increases complete coverage from 142 to 167 questions. More questions
therefore acquire annotated evidence, including the full set of required passages, although complete
coverage remains uncommon.

Mean Cov increases from 27.51% under OO to 31.97% under Cov-local. The policies average 2.45
and 2.55 searches per question, respectively.

The two Cov-F1 curves follow a similar overall pattern: at the same coverage level, Cov-local does
not consistently achieve higher F1. Together with the coverage distribution, this suggests that query-
level supervision primarily improves evidence acquisition, with less indication of improved use of
the retrieved evidence. The groups at each coverage level differ in both size and question identity, so
the curves do not isolate evidence use on the same questions. Further work could examine whether
supervision beyond search queries improves how agents use retrieved evidence.

6 RELATED WORK

Multi-turn search agents. RAG (Lewis et al., 2020) combines language generation with evidence
from an external corpus. Multi-turn agents extend this interaction by deciding what to retrieve
as reasoning proceeds. ReAct (Yao et al., 2023) provides a general framework for interleaving
reasoning and actions. Search-ol (Li et al., 2025a) integrates search into the reasoning process to
retrieve missing knowledge. Search-R1 (Jin et al., 2025b) and ReSearch (Chen et al., 2025) train
search behaviour with reinforcement learning and answer feedback. An empirical study by Jin et al.
(2025a) reports limited gains from intermediate retrieval rewards in the settings examined. We study
how their effectiveness depends on the way retrieval credit enters the policy update.
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Intermediate supervision. Lightman et al. (2024) study process supervision for mathematical
reasoning, providing feedback on intermediate steps rather than only the final result. For retrieval,
R3-RAG (Li et al., 2025b) combines answer correctness with document-relevance rewards. SWiRL
(Goldie et al., 2025) decomposes multi-step reasoning and tool-use trajectories into action-level
sub-trajectories for data filtering and RL optimisation. More recent search-agent methods assess
different aspects of retrieval progress. HIPRAG (Wu et al., 2026) evaluates search necessity and
adds a hierarchical process bonus to outcome and format rewards. BiCAA (Huang et al., 2026)
combines forward answer-solvability gains with hindsight estimates of a search step’s importance
for the final answer. Our study uses corpus-grounded annotations to compare answer matching
with evidence coverage. The two coverage variants share their grounding and differ in whether
prerequisite relations constrain credit, allowing us to trace that choice through the resulting updates.

Credit assignment for retrieved evidence. An intermediate signal also requires a rule for assign-
ing credit to the policy. STAMP (Xu et al., 2026) verifies cited evidence against a reference graph,
attributes it to the action that first exposed it, and modulates the outcome advantage without changing
its sign. GDCR (Liu et al., 2026) rewards newly retrieved and cited entities according to their graph
distance to the answer; SAPO standardises these rewards across steps within each trajectory and
scales their contribution by the absolute outcome advantage. CW-GRPO (Wang et al., 2026) uses
an LLM judge to assess retrieval utility and reasoning correctness, redistributing outcome advantage
across successful search rounds while assigning uniform weights to failed trajectories.

These methods scale intermediate credit by the outcome advantage. We compare retrieval events
across rollouts of the same question at the same search step and add the resulting signed residual
to selected tokens. When eligible events vary, this residual can remain active at zero outcome ad-
vantage and can reverse a nonzero advantage. Our experiments examine whether its source action
and activation on tied-outcome groups affect performance. The scalar comparison also shows that
learning from outcome ties is shared by both forms of intermediate supervision (Appendix A.4).

7 LIMITATIONS

Our analysis examines evidence acquisition and retrieval credit. A further question is how retrieved
evidence enters subsequent reasoning. This requires tracing evidence use through intact search
trajectories, including cases where additional coverage does not change the answer. Such an analysis
could inform supervision that connects evidence acquisition with evidence use.

The interaction between reward construction and update strength also warrants closer study. Exper-
iments that vary event timing, reward magnitude and credit eligibility independently could distin-
guish their contributions, while comparisons under matched update strength could clarify the role
of normalisation in scalar and local incorporation. Extending these controls across model sizes and
retrievers would test whether these credit-assignment behaviours generalise.

8 CONCLUSION

Our study shows that intermediate retrieval supervision should be designed together with its credit
assignment. Using corpus-grounded questions with intermediate evidence annotations, we find that
the same retrieval signal has different effects depending on how it enters the policy update. Depen-
dency constraints help distinguish this interaction: requiring prerequisites benefits scalar incorpo-
ration, while crediting evidence as it is acquired works better under local incorporation. A more
constrained evidence signal therefore does not necessarily provide more useful supervision.

Across our experiments, local retrieval credit is most effective when it remains associated with the
search that produced the evidence and complements outcome supervision across both tied and dif-
fering outcome groups. Its value extends beyond supplying an update when answer rewards are tied.
On the development questions, higher coverage and similar coverage-conditioned F1 suggest that
local supervision primarily changes evidence acquisition, leaving evidence use as a separate ques-
tion. Together, these findings support treating evidence scoring and action-level credit assignment
as coupled design choices when training search agents.



Preprint

REPRODUCIBILITY STATEMENT

Section 2.1 describes corpus-grounded question generation; Sections 2 and 3 define the retrieval
rewards and credit assignment. Appendix A provides training settings and reward-scale checks;
Appendix B describes data construction and grounding checks. Appendix C provides complete final-
checkpoint EM and F1 results and dataset sensitivity; Appendix D details the example in Figure 1a.
We will release the code, trained models and constructed dataset upon acceptance.

Al USE STATEMENT

In this work, we used generative Al tools for synthetic data generation and to assist in writing ex-
perimental code. GPT-5.6 Luna generated descriptive root references for the synthetic questions,
while graph operations and templates assembled the question structures, answers and evidence de-
pendencies. Additionally, we used generative Al tools to assist manuscript drafting and editing. We
have reviewed all Al-assisted work, including the generated code and manuscript text. Experimental
results were checked against saved evaluation outputs. We take responsibility for the final content
of this work, including text, claims or artifacts produced with the aid of generative Al.
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A EXPERIMENTAL DETAILS

A.1 HARDWARE, OPTIMISATION AND RUNTIME

We train Qwen3-4B-Instruct-2507 on a single node with two NVIDIA A100 GPUs, each with 80 GB
memory. The implementation uses VERL (Sheng et al., 2025) for distributed optimisation and
SGLang (Zheng et al., 2024) for rollout generation, with tensor parallelism 1 and bfloat16 rollout
generation. The fixed E5-base-v2 retriever described in Section 4 uses a FAISS IndexFlatIP index.
The training hyperparameters below are shared across conditions.

Table 2: Shared training hyperparameters.

Setting Value

Optimiser AdamW

Learning rate 107°

Learning-rate schedule Warmup followed by a constant learning rate
Warmup ratio 0.285

Rollouts per question 5

Training batch size 128

PPO epochs per rollout batch 1
Policy-ratio clipping interval [0.8,1.2]
Dual-clip coefficient 3.0

KL loss coefficient 0.001
Training sampling temperature 1.0

The KL penalty is applied in the policy loss rather than added to the reward.

Runtime. Across seven measured conditions, training takes approximately 28—-31 hours. These
times include rollout generation, policy updates, periodic validation and checkpoint saving, but ex-
clude startup and the initial validation.

A.2 PROMPT AND TOOL INTERFACE

We use the same system instruction and user template for training, the seven-benchmark evaluation
and the synthetic development evaluation. The question replaces {question} below. We repro-
duce the text verbatim, with line wrapping for readability. The system message includes the tool
instructions and function schema supplied by the model’s chat template.

System message (including tool template)

You are a helpful and harmless assistant.
# Tools

You may call one or more functions to assist with the user
query.

You are provided with function signatures within
<tools></tools> XML tags:

<tools>

{"type": "function", "function": "name": "search",
"description": "Searches the web for relevant information
based on the given query.", "parameters": {"type":
"object", "properties": {"query-list": {"type": TMarray",
"description": "A list of fully-formed semantic queries.
The tool will return search results for each query.",
"enum": null, "items": null, "minItems": null,
"maxItems": null}}, "required": ["query-list"],
"additionalProperties": null}, "strict": false}}
</tools>

For each function call, return a Jjson object with function
name and arguments within <tool_call></tool_call> XML tags:
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<tool_call>

"name": <function-name>, "arguments":
<args—json-object>}

</tool_call>

User template

Answer the given question. You must conduct reasoning
inside <think> and </think> first every time you get new
information. After reasoning, if you find you lack some
knowledge, you can call a search engine by <tool_call> query
</tool_call> and it will return the top searched results
between <tool_response> and </tool_response>. You can
search as many times as your want. If you find no further
external knowledge needed, you can directly provide the
answer inside <answer> and </answer>, without detailed
illustrations. For example, <answer> Beijing </answer>.
Question: {question}

The tool is bound to the fixed KILT/ES retriever, despite the generic web-search wording in its
description. The native interface serialises calls as JSON objects with a search function and a
query_list argument; the user instruction’s <tool_call> query </tool_call> is short-
hand. The runtime enforces the four-assistant-turn limit independently of the prompt wording.

Tool interface and retrieval budget. Qwen3’s native tool interface supports parallel tool calling.
We retain this interface and execute only the first query in each search call to keep the retrieval
budget per call fixed across conditions. This controls an additional source of variation while we
compare reward construction and credit assignment. The tool response reports any ignored queries,
which can be issued in later turns. All training conditions share this rule, and a trajectory may
contain multiple calls.

A.3 REWARD AND CREDIT IMPLEMENTATION

Training conditions. OO uses terminal F1 with standard GRPO. Scalar variants of Cov, Cov-Dep,
and AM use the same terminal F1 plus 0.25 times the selected signal’s accumulated new-maximum
progress, followed by ordinary GRPO. Local variants retain terminal F1 as the outcome reward and
add credit from one retrieval signal to the executed query tokens, with A = 0.5. Cov-local, Cov-Dep-
local and AM-local apply this credit across all outcome groups, using the retrieval-progress events
defined in Equation 3. Cov uses Equation 1; Cov-Dep adds the dependency closure in Equation 2.
AM-permute, AM-no-flat, and AM-flat-only intervene on AM-local. Cov-permute, Cov-no-flat, and
Cov-flat-only intervene on Cov-local.

Normalisation and support. For eligible values vy, ..., v,,, with m > 2, define

z(v)

V; — U
i = )
\/m171 Z;‘n:l(vj —0)?+e

where 7 = m™! Z;n:l v; and € = 1075, Outcome advantages use the complete rollout group for
a question; local advantages use the eligible subset at the corresponding search step. If all centred
values are within the numerical tolerance, the sample standard deviation is at most the tolerance, or
the result is nonfinite, no local credit is assigned. We first standardise each signal and then standard-
ise the combined local component. With one active signal, the second pass is numerically close to
a single standardisation but still affects the result through the numerical tolerance. Comparisons use
eligible searches at the same step across rollouts of the same question. Tokens must also be trainable
under the response loss mask.

(6)

Execution records and token IDs associate each observation with its action and query span. A
missing execution record, an unidentifiable query span, inconsistent event/span arrays, or a truncated
trajectory disables local credit, leaving the global outcome advantage. Generated query text that is
not executed still receives global supervision. Full payload length remains the mass reference, so
event mass can depend on payload length.
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Preserving credit under permutation. For an eligible event, >, - £itLit/|Qit| = ¢itLis. The
permutation variants transport the complete signed event mass before division by the recipient target
length. This preserves the eligible actions and the multiset of signed event masses while changing
which query receives each mass. The outcome-flat gate is computed from the complete group’s
terminal F1, not the subset that passes local eligibility. Removing a group’s local term leaves its
global term and sampled data unchanged.

Retrieval-event implementation. AM normalises titles, document bodies and nonempty refer-
ence answer aliases by lowercasing and removing punctuation, articles and redundant whitespace. It
tests each document separately; matches are not assembled across documents. Query text, generated
reasoning, final answers and tool-cap notices are excluded. Coverage potentials are rounded to four
decimal places before conversion to new-maximum events.

Controlled comparisons. AM-permute and Cov-permute permute signed event masses among ac-
tive, nonzero events for the same question at the same search step (seed 1729, fixed points allowed),
retaining support and signed/absolute event mass. These controls break event—action correspon-
dence. For both Cov and AM, no-flat retains local credit only when the complete group’s outcome
range exceeds 10~%; flat-only retains it only otherwise. These restrictions remove local advantage
mass without rescaling the remaining updates. Section 5.2 compares their results.

A.4 SCALAR REWARD SCALE

We use o = 0.25 for all scalar conditions as a common trade-off between outcome reward and re-
trieval supervision. Both answer F1 and accumulated retrieval progress lie in [0, 1], so the retrieval
bonus adds at most 0.25 to the combined reward. This allows retrieval progress to distinguish tra-
jectories with similar answer scores while ensuring that an answer with F1 of one always outranks
an answer with F1 of zero.

To check the effect on within-group reward rankings and advantage signs, we applied several co-
efficients to saved Cov-Dep-local and AM-local trajectories available before scalar training. The
primary sample contains 768 five-rollout groups (3,840 trajectories) from short training runs; a sup-
plementary sample contains 128 complete groups (640 trajectories) from later training stages. These
fixed-trajectory comparisons informed the choice of reward scale without using evaluation scores.

Table 3: Effect of scalar reward coefficients on the primary sample. Rank reversal is measured
over 2,617 within-group pairs with unequal original F1. Sign reversal is measured over 2,166 origi-
nally nonzero advantages in mixed-outcome groups. Both rates are computed by applying different
coefficients to the same saved trajectories.

Rank reversal (%)  Advantage sign reversal (%)

a  Cov-Dep AM  Cov-Dep AM
0.05 0.19  0.38 0.14 0.42
0.10 038  0.76 0.42 0.92
0.25 0.57 1.49 1.02 2.49
0.50 0.73 2.45 2.03 4.39
1.00 1.99 3.90 4.62 7.29

At a = 0.25, Cov-Dep and AM reverse 0.57% and 1.49% of unequal-F1 pairs, respectively, while
their advantage sign-reversal rates are 1.02% and 2.49%. This setting preserves most outcome order-
ing in the saved local-policy sample. Mean accumulated retrieval progress in this sample is 0.2124
for Cov-Dep and 0.5393 for AM.

Scalar incorporation also supplies updates in outcome-flat groups. Let I; = >, e;, with group
mean I and sample standard deviation s;. For a constant outcome r; = ¢ and o > 0, the scalar
advantage becomes -

AL ™
srt+e/a

Except near the numerical tolerance, lowering « therefore does not proportionally lower this stan-
dardised update. Of 332 outcome-flat groups in the primary sample, Cov-Dep activates 63 and AM

z(e+al); =
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activates 49 for every inspected positive coefficient. Among 183 all-zero-F1 groups, each signal
activates 35 groups. Among the 77 tied-outcome groups in the supplementary sample, Cov-Dep
produces nonzero advantages in 14 groups and AM in 5. The equation and observed activations
show that scalar bonuses also provide a learning signal in outcome-flat groups.

A.5 EVALUATION AND TRAJECTORY MEASUREMENTS

Evaluation splits and aggregation. The main evaluation contains 3,197 questions: six datasets
with 512 questions each and Bamboogle with 125. Dataset-level EM and F1 scores are weighted by
their sample counts, so each evaluation question contributes equally to Avg.

Development trajectories. We evaluate OO and Cov-local on the same 1,200 synthetic develop-
ment questions. For each question, we retain the sequence of assistant messages, search actions, tool
observations and the final answer. We map retrieved text in complete visible tool observations to the
original corpus chunks and apply the coverage predicate from Section 2. Generated reasoning and
answers do not contribute to coverage. For this analysis, we use the exact fraction of covered gold
nodes rather than the rounded values used to construct training rewards. Figure 4 counts the ques-
tions at each covered-node proportion. We compute mean coverage and search count over all 1,200
questions. Figure 5 groups each policy’s questions separately by final Cov and averages answer F1
within each group; it does not filter for matched question IDs at a given coverage value.

All questions remain in the denominator, including missing answers and truncated trajectories. OO
has 19 missing answers and 12 truncated trajectories; Cov-local has 20 and 16, respectively. One
0O trajectory ends with an incomplete tool observation, which is excluded from coverage; executed
searches still contribute to the search count. Search count measures tool use, rather than generation
cost or wall-clock latency. As detailed in the data-construction appendix, 507 development questions
share some annotated evidence with training, while 693 have fully unseen annotated evidence. This
analysis examines behaviour on the development distribution separately from the seven-benchmark
results.

B TRAINING DATA AND CORPUS CONSTRUCTION

Construction constraints. We use the August 2019 KILT Wikipedia corpus and the August 2022
Wikidata truthy dump. For chain composition, we retain properties with at most 1.5 objects per
subject on average, and require the selected subject—property pair to have exactly one object. For
a conjunction, both branches must have multiple candidate objects and their intersection must con-
tain exactly one. These constraints define the annotated graph structure. Relations are selected
from corpus co-occurrences and filtered using Wikidata; each selected relation retains its supporting
Wikipedia passage.

Generation model. We use GPT-5.6 Luna (gpt—-5.6-1una) for root-description generation
throughout the source pool. Graph operations and templates determine the question structure, an-
swers and dependencies.

Evidence units and chunk mapping. Several atomic nodes can share a supporting paragraph.
We merge shared supporting paragraphs when assigning structural categories for sampling, while
preserving the original atomic nodes and prerequisites used by Cov-Dep and Cov. The resulting cat-
egories describe annotated evidence structure rather than the agent’s search count. To map evidence
to indexed chunks, we remove the page’s initial title entry, retain section and bullet marker lines,
join the remaining text with newlines, and split it into non-overlapping 100-word chunks. Ground-
ing normalises page and paragraph identifiers and locates answer mentions within these spans; the
coverage rule in Section 2 also checks page identity.

Mixture selection. We sample deterministically within each structural category, reserving 1,200
questions for the evidence-coverage analysis in Section 5.3 and selecting 14,000 training questions
from the remainder. We refer to the reserved questions as the development split. Of 87,171 source
questions, 86,681 are eligible: 168 fail the chunk-grounding eligibility check, 297 are labelled graph
shortcuts by the construction filter, and 25 do not match a requested category. For the first four
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categories, half the selected records have all gold evidence in the first chunk of each supporting page
and half require later chunks. Other categories are sampled from their full eligible pools.

Table 4: Training and development counts by construction category. Structural labels follow the
naming convention of MuSiQue (Trivedi et al., 2022); numbered suffixes distinguish graph templates
at the same hop count. Categories account for shared supporting paragraphs and describe evidence
structure, not search counts.

Construction category Train Dev
1-hop, single 1,200 150
1-hop, conjunctive 1,300 150
2-hop, chain 2,400 150
2-hop, wide 900 100
3-hop-1, chain 2,000 150
3-hop-1, wide 700 50
3-hop-2, fan-in 2,200 150
4-hop-1, chain 1,000 100
4-hop-2, fan-in 1,300 100
4-hop-3, fan-in 1,000 100
Total 14,000 1,200

Corpus grounding. Each record contains a question, answer aliases, a decomposition, depen-
dency references, and corpus grounding. The selected data contain 44,385 graph nodes, including
8,050 conjunctive nodes. The retrieval index contains approximately 29 million chunks represented
by normalised 768-dimensional embeddings. Every node is grounded in the corpus, every prerequi-
site refers to an existing node, and the dependency graphs are acyclic.

Matching annotated evidence to retrieved chunks. Each node stores a list of required source
passages, identified by Wikipedia page and paragraph, and the character spans of its subquestion-
answer mentions in each passage. For every required passage, the detector checks whether any
retrieved chunk has the same page and paragraph and contains the start offset of at least one anno-
tated mention. A node is covered only if this test succeeds for all of its required passages. Different
passages may be matched by different chunks and at different search steps. Both Cov and Cov-Dep
use this check; dependency closure is applied separately by Cov-Dep. The check does not require
the entire answer mention or supporting sentence to fit inside the chunk, as quantified below.

Question templates and split overlap. All 15,200 selected questions begin with the same “What
is the name of” surface template. Normalised answer-alias strings occur in 57 training and 5 devel-
opment questions. These matches include ordinary-word collisions and aliases embedded in longer
names, as well as potential answer cues. There is no exact question-ID or normalised-question over-
lap between the two splits, but 225 development questions have all gold evidence seen in training
and 282 have partial evidence overlap; only 693 have fully unseen gold evidence. The development
split contains 531 questions sharing a training page and 606 sharing an answer entity. This split is re-
served separately from the benchmark evaluation; the shared evidence limits its value for measuring
generalisation.

Partial mention coverage. All 52,435 gold annotation records have start-position coverage. For
265 records, no single chunk fully contains any of the annotated answer mentions. Across matched
annotation—chunk pairs, 271 contain a mention’s start but no complete annotated mention. Chunk
identification uses a text prefix, so identifying a chunk does not establish that its full text is present
in the observation.

Structural and grounding checks. We verify graph validity and the alignment between evidence
annotations and retriever chunks. Table 5 summarises these properties and the effects of chunk
boundaries and dependency constraints on retrieval progress.

The trajectory measurements use 7,680 training trajectories collected before the final-policy com-
parisons.
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Table 5: Graph structure and chunk grounding in the training and development data, with retrieval-
progress differences measured on 7,680 training trajectories.

Check Observed count
Selected train + development records 15,200
Grounded graph nodes (conjunctive subset) 44,385 (8,050)
Missing prerequisites / cycles / missing node grounding 0/0/0
Gold annotation records with start-position coverage 52,435/52,435
Gold annotation records without full-mention chunk coverage 265/52,435
Trajectories affected by requiring full-mention coverage 20/ 7,680
Trajectories with Cov progress above Cov-Dep at some point 310/7,680
Trajectories exhibiting delayed unlocking 21/7,680

Effect of chunk boundaries on retrieval progress. Table 5 shows how chunk boundaries and de-
pendency constraints affect retrieval progress. Requiring the complete answer mention to fit within
a retrieved chunk reduces Cov-Dep progress on 20 of the 7,680 trajectories. Dependency constraints
affect which matched nodes receive credit: Cov exceeds Cov-Dep on 310 trajectories, while 21
contain evidence credited only after a later search retrieves its prerequisites.

Grounding determines whether a retrieved chunk matches an annotated node; closure determines
when that match contributes to progress. The two checks affect the same reward at different stages.

C ADDITIONAL RESULTS

Tables 6 and 7 report F1 and exact-match accuracy for all 13 conditions, including the local-credit
interventions summarised in Figure 3. All results follow the evaluation protocol in Section 4.

Table 6: Complete answer F1 (%) results for all 13 conditions on seven datasets. Avg follows the
aggregation used in Table 1; bold marks the highest value in each column across all conditions.

Method 2Wiki HotpotQA MuSiQue Bamboogle NQ TriviaQA PopQA  Avg
00 57.30 53.74 24.93 57.73 42.04 74.46  53.45 51.25
Cov-scalar 59.26 57.54 25.69 59.51 43.08 74.09 5450 52.64
Cov-Dep-scalar 57.81 58.42 25.11 59.54 44.51 74.58 54.88 52.82
AM-scalar 59.27 57.11 25.89 60.21 43.25 74.45 5416 52.66
Cov-local 62.82 58.91 28.84 61.91 43.43 75.86 54.37 54.34
Cov-Dep-local  60.96 59.49 25.49 58.29 42.01 76.09 5242 5296
AM-local 59.26 59.13 27.23 59.01 43.23 7631 54.57 53.51
AM-permute 52.99 53.83 24.13 55.99 42.45 75.63 5195 50.39
Cov-permute 57.36 57.10 25.22 56.90 43.33 75.02  54.14 52.22
Cov-no-flat 61.27 58.85 28.77 60.06 43.57 75.51 54.69 54.02
Cov-flat-only 59.56 54.61 25.32 57.82 42.67 75.33  53.53 52.07
AM-no-flat 56.05 57.87 26.72 53.57 42.46 75.15  53.82 52.07
AM-flat-only 57.60 57.37 23.00 58.26 42.52 7445 5126 51.32

C.1 MULTI-HOP AND SINGLE-HOP QA

We group 2WikiMultiHopQA, HotpotQA, MuSiQue, and Bamboogle as multi-hop QA (1,661 ex-
amples), and Natural Questions, TriviaQA, and PopQA as single-hop QA (1,536 examples). Table 8
averages per-question scores within each group, retaining the original dataset sizes as weights. Bam-
boogle contributes 125 examples, and each other dataset contributes 512.

The query-alignment contrasts are larger on multi-hop QA: Cov-local exceeds Cov-permute by 3.73
F1 on multi-hop QA and 0.39 F1 on single-hop QA; AM-local exceeds AM-permute by 4.75 and
1.35 F1, respectively. Correct correspondence therefore improves both task groups under both sig-
nals, with larger differences on multi-hop QA. All three scalar variants improve over OO in both task
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Table 7: Exact match (%) on all seven datasets. Avg follows the aggregation used in Table 1; bold
marks the highest value in each column.

Method 2Wiki HotpotQA MuSiQue Bamboogle NQ TriviaQA PopQA  Avg
00 45.90 41.80 13.28 46.40 24.22 62.89 45.51 39.22
Cov-scalar 48.44 45.51 15.82 44.80 26.76 63.09 46.68 41.19
Cov-Dep-scalar 46.48 46.48 15.04 46.40 27.73 64.45 4785 41.54
AM-scalar 47.66 45.12 14.65 48.00 27.73 63.87 47.07 41.29
Cov-local 51.95 46.88 16.60 49.60 26.56 6543 46.68 42.63
Cov-Dep-local  49.80 46.88 15.43 48.00 25.00 65.04 44.73 41.41
AM-local 49.02 47.07 16.21 46.40 25.78 64.84 46.88 41.82
AM-permute 41.99 41.41 13.09 43.20 25.98 65.04 44.14 38.79
Cov-permute 47.27 45.70 14.84 45.60 27.54 64.26 46.68 41.23
Cov-no-flat 51.17 46.68 17.38 46.40 26.56 65.04 46.88 42.45
Cov-flat-only  48.44 42.97 13.48 44.80 25.00 64.26 46.09 40.23
AM-no-flat 45.51 45.70 16.60 43.20 25.98 64.45 46.88 40.94
AM-flat-only 46.48 44.73 12.70 46.40 25.39 63.67 43.55 39.69

Table 8: F1 (%) within each QA task group and across all 3,197 examples. Each question has equal
weight within the reported average. Bold marks the highest value in each column.

Method Multi-hop  Single-hop All
00 46.26 56.65 51.25
Cov-scalar 48.40 57.22  52.64
Cov-Dep-scalar 48.05 57.99 52.82
AM-scalar 48.38 57.28 52.66
Cov-local 51.07 57.88 54.34
Cov-Dep-local 49.37 56.84 52.96
AM-local 49.33 58.03 5351
AM-permute 44.58 56.68 50.39
Cov-permute 47.34 5749 5222
Cov-no-flat 50.41 5793 54.02
Cov-flat-only 47.35 57.18 52.07
AM-no-flat 47.38 57.14  52.07
AM-flat-only 46.91 56.07 51.32
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(a) Exact match (b) Answer F1
Cov-scalar - v:—O +1.97 B v:—. +1.39
Cov-Dep-scalar 4 }—0 +2.32 B }—o +1.57
AM-scalar 4 -_— +2.07 - —_—e +1.41
Cov-local j ® +3.41 A j ® +3.09
Cov-Dep-local 4 ‘3—' +2.19 B ‘3—. +1.71
AM-local - ; ® +2.60 B .;—. +2.26
AM-permute - -0.43 O—jr 4 -0.86 o—;
Cov-permute - % +2.01 E % +0.97
Cov-no-flat 1 i ® +3.23 A i ® +2.77
Cov-flat-only - ; +1.01 R ; +0.82
AM-no-flat 1 -3—0 +1.72 k ;—o +0.82
AM-flat-only *;—0 +0.47 E 11. +0.07
T T T T T T T T T T T T
-1 0 1 2 3 4 -1 0 1 2 3 4
Average AEM from OO Average AF1 from OO

Figure 6: Differences in average EM and F1 from outcome-only training, on the same score scale
as Table 1. Both scalar and local incorporation improve EM and F1 over OO for all three signals;
Cov-local gives the largest gains.

Cov-scalar +1.04 -0.37 +1.05
4
Cov-local +1.39 +1.40 +0.92
-2
o
Cov-Dep-scalar A +2.47 +0.12 +1.43 (@]
€
1) 8
&=
Cov-Dep-local +0.56 +0.56 -0.03 +1.63 -1.03 o
<
=2
AM-scalar - +0.96 +2.48 +1.21 -0.01 +0.71
-4
AM-local +2.30 +1.28 +1.19 +1.85 +1.12
T T T T T
2Wiki HotpotQA MuSiQue  Bamboogle NQ TriviaQA PopQA

Figure 7: Per-dataset F1 differences from OO, on the same score scale as Table 1. The heatmap
shows how each retrieval signal and incorporation rule affects individual benchmarks.

groups. Local incorporation further improves multi-hop QA for every signal, while on single-hop
QA Cov-Dep-local falls below its scalar counterpart. The groups contain different benchmarks, so
this comparison does not isolate the effect of question hop count.

C.2 SENSITIVITY TO THE DATASET MIXTURE

Table 9 recomputes two F1 contrasts after omitting each dataset in turn. We retain the original
sample counts as weights for the remaining six datasets. Cov-local and AM-local remain above OO
under every omission. This check measures sensitivity to the dataset mixture.
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Table 9: Changes in average F1 after omitting one dataset. The full seven-dataset contrasts are
+3.09 and +2.26, respectively.

Omitted dataset Cov-local — OO  AM-local — OO

2Wiki +2.63 +2.32
HotpotQA +2.70 +1.66
MuSiQue +2.94 +2.26
Bamboogle +3.05 +2.30
NQ +3.42 +2.47
TriviaQA +3.42 +2.34
PopQA +3.51 +2.48

D COVERAGE EXAMPLE

Retrieved evidence in Figure 1a. The question asks which dynasty the father of the Burmese
monarch who ruled from 1171 to 1174 belonged to. The displayed rollout searches for
Burma monarch 1171-1174 father king dynasty. Its first search returns passages titled Narathu,
Naratheinkha and Saw Lu. The Naratheinkha passage matches the first annotated node, identifying
the monarch from his reign; the Narathu passage matches the third node, identifying the dynasty. The
second node requires a different passage establishing Naratheinkha’s father and remains unmatched.
Thus the covered set is {v1, v3}, while dependency closure admits only {v; }. The first-search po-
tentials and events are both 0.6667 for Cov and 0.3333 for Cov-Dep, displayed as 0.67 and 0.33 in
the figure. The matched dynasty fact is credited by Cov even though the intervening father link has
not been retrieved.

This example illustrates the detector comparison; Figure 1b shows the general credit rules schemat-
ically. We examine the saved trajectories in a fixed order and select the first whose initial search
satisfies 0 < Cov-Dep < Cov, without filtering on answer correctness.

E A PAIRED EXAMPLE OF EVIDENCE ACQUISITION

Figure 8 compares the two policies on a question about Robert A. Rosenstone’s institution. OO’s
first two searches return other scholars; its third retrieves an introductory passage that identifies
Rosenstone and names Caltech. Cov-local retrieves that passage on its first search, then obtains an
additional annotated career passage on its second. Both final answers are correct. The additional
passage raises annotated coverage from one node to two, even though the introductory passage
already contains the answer. This case illustrates the distinction between recovering an answer and
covering the annotated evidence.

We select the first question in lexicographic ID order among complete multi-node pairs where Cov-
local attains full annotated coverage, OO does not, and Cov-local executes fewer searches. Three
pairs satisfy these criteria; correctness and F1 are not selection criteria. The figure retains the ex-
ecuted queries and final response text, with observation descriptions abridged against the original
returned passages.
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Question. What is the name of the institution where an American historian who studies the relationship between
history and visual media has been Professor of History since 1966?

Annotated evidence. Identify Robert A. Rosenstone; retrieve the annotated career passage naming his institu-

tion.

00

Cov-local

Search 1. American historian studies history and
visual media Professor since 1966

Returns passages about other historians and schol-
ars; neither annotated node is covered. Cov 0.00.

Search 2. American historian history and visual
media Professor since 1966 institution

Again returns other scholars; neither annotated node
is covered. Cov 0.00.

Search 3. historian who studies history and visual
media Professor since 1966 institution

Identifies Robert A. Rosenstone and names Caltech,
covering the first node. Cov 0.50.

Final response (verbatim).

The American historian who studies the relationship
between history and visual media and has been a
Professor of History since 1966 is Robert A. Rosen-
stone. He is a leading scholar in the field of the re-
lationship between history and visual media, hav-
ing authored books such as *Visions of the Past:
The Challenge of Film to Our Idea of History* and
*History on Film / Film on History*. He is Profes-
sor Emeritus of History at the California Institute of
Technology (Caltech).

Thus, the institution is the **California Institute of
Technology**.

Answer: California Institute of Technology.

Search 1. American historian who studies the rela-
tionship between history and visual media has been
Professor of History since 1966

Identifies Robert A. Rosenstone and names Caltech,
covering the first node. Cov 0.50.

Search 2. Robert A. Rosenstone Professor Emeritus
of history at California Institute of Technology since
1966

Also retrieves the annotated career passage: ‘“He
was a Professor of History at the Caltech”. Both
nodes are covered. Cov 1.00.

Final response (verbatim).

The American historian who studies the relationship
between history and visual media and has been a
Professor of History since 1966 is Robert A. Rosen-
stone. He became a Professor of History at the Cali-
fornia Institute of Technology (Caltech) in 1966 and
is described as the leading international scholar in
the field of history and visual media.

Answer: California Institute of Technology.

Figure 8: Two search trajectories for the same development question. Queries are the executed
queries verbatim; observation descriptions are abridged, with the direct evidence quoted. Both
policies answer correctly, but their retrieved support and search counts differ.

22



	Introduction
	Constructing corpus-grounded retrieval rewards
	Training data and evidence annotations
	Retrieval signals

	Assigning retrieval credit to policy updates
	Experimental design and results
	The benefit of a signal depends on its incorporation
	Performance across tasks

	Which properties of retrieval credit matter?
	Preserving action correspondence improves local credit
	Restricting local credit to outcome ties limits its benefit
	Evidence acquisition

	Related work
	Limitations
	Conclusion
	Experimental details
	Hardware, optimisation and runtime
	Prompt and tool interface
	Reward and credit implementation
	Scalar reward scale
	Evaluation and trajectory measurements

	Training data and corpus construction
	Additional results
	Multi-hop and single-hop QA
	Sensitivity to the dataset mixture

	Coverage example
	A paired example of evidence acquisition

