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Abstract

Deep research agents rely on iterative tool calls
to gather external evidence for multi-step rea-
soning. While reinforcement learning (RL)
improves planning and retrieval behavior, we
identify a critical failure mode: tool-call hack-
ing, where agents exploit format- and outcome-
level rewards by generating superficially valid
tool-use traces without genuinely grounding
their reasoning in retrieved evidence. Un-
like execution-based tools (e.g., code or math),
whose effects are directly observable, the weak
observability of causal dependencies between
retrieved evidence and reasoning under format-
and outcome-level supervision enables agents
to maximize surface-level reward signals with-
out genuinely grounding their reasoning in the
returned evidence. This results in tool overuse,
mode collapse, and decorative or hallucinated
tool calls.

We propose Proof-of-Use (PoU), an evidence-
grounded RL framework that strengthens the
dependency between retrieval, reasoning, and
final answers. PoU requires agents to cite nor-
malized evidence identifiers during reasoning
and optimizes a multi-objective reward combin-
ing step-level citation validity, global Answer—
Support Alignment, and adaptive reward mix-
ing. Experiments show that PoU mitigates tool-
call hacking, improves task performance, and
induces robust tool-use behavior under domain
and tool shifts, even without explicit optimiza-
tion for routing adaptation.

1 Introduction

Deep research agents (Jin et al., 2025; Song
et al., 2025; Zheng et al., 2025) tackle complex
information-seeking tasks by iteratively using ex-
ternal tools to retrieve, verify, and synthesize ev-
idence. Unlike single-shot retrieval, they require
multi-step planning over when, how, and which
tools to invoke.

In realistic research settings, no single knowl-
edge source is sufficient (Ma et al., 2025), so agents
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Figure 1: Tool-distribution entropy over training. At
each training step, we compute the entropy of the tool us-
age distribution as H = — > pilogp; / log K, where
p; is the proportion of calls to tool 7 and K is the number
of available tools. DeepResearcher exhibits a decreas-
ing entropy, which indicates a tool-call hacking pattern
(progressive collapsing toward a narrow tool selection).
In contrast, PoU shows higher variance in early train-
ing, reflecting exploration, and converges to a stable
intermediate entropy value, indicating a learned and
task-coordinated tool usage pattern.

must coordinate heterogeneous tools such as web
search, knowledge graphs, domain databases, and
private document collections. This makes deep re-
search agents a form of multi-round RAG, where
effective reasoning requires both grounding an-
swers in retrieved evidence and routing tool calls
across sources with different coverage, structure,
and reliability. However, recent evidence shows
that brute-force all-in-one retrieval can outperform
prompt-based selective routing (Xu et al., 2025),
suggesting that shallow routing heuristics may dis-
rupt cross-source coordination. Thus, selectivity is
useful only when grounded in evidence usage.

Building on these observations, we extend the
analysis from routing heuristics to the learning dy-
namics of RL-trained deep research agents. Prior
works have applied reinforcement learning (RL)
to enhance agents’ ability to multi-step reasoning
with retrieval tools (Zheng et al., 2025). However,
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we uncover a recurrent failure pattern that we term
tool-call hacking—a domain-specific form of re-
ward hacking (Skalse et al., 2025). Specifically,
the agent learns tool-calling behaviors that boost
the observed reward signal without genuinely im-
proving grounding, which is highly susceptible to
Goodhart’s Law(Majka and El-Mhamdi, 2025). We
observe two consistent manifestations (as shown
in Figure 1): (i) Mode collapse via tool overuse:
policies default to a narrow subset of tools; (ii)
Hallucinated tool use: tool calls are made, but the
reasoning chain shows no causal dependence on
the retrieved evidence. Crucially, both failures
arise because existing training signals primarily
reward the act of calling tools, rather than the
act of using them.

These issues highlight the need for stronger sig-
nals that foster reasoning processes deeply inte-
grated with tool interactions in multi-source envi-
ronments.

As clarified in Scope of Tools (Appendix A), we
focus on retrieval tools, whose impact on outputs
is propagated through an implicit, semantic level
evidence-reasoning-answer causal chain. In con-
trast, execution-style tools such as code or mathe-
matical solvers have directly observable contribu-
tions, which makes retrieval tools easy to bypass or
imitate without genuine informational dependence.
To this end, rather than treating evidence ground-
ing as an emergent side effect of task success, we
argue that it should be an explicit learning objec-
tive in agentic reinforcement learning. We propose
Proof-of-Use (PoU), an evidence-grounded frame-
work that refines the coarse-grained supervision
commonly used in agentic RL. PoU is built on a
stepwise interaction protocol: tool responses are
normalized into evidence snippets with stable IDs.
Upon observing them, the model must output a
usefulness verdict and—if useful—cite the corre-
sponding evidence IDs before reasoning. This ex-
poses a verifiable dependency between retrieved
evidence, reasoning, and decisions. On top of
this protocol, PoU applies two progressive pro-
cess rewards to strictly constrain step-wise reason-
ing. Furthermore, to address the reward sparsity
and non-smooth gradients of outcome-only super-
vision, we introduce a global Answer—Support
Alignment reward. This adheres to the intuition
that effective learning should optimize the reason-
ing process alongside the final result. Crucially,
we integrate these objectives via a curriculum-style
adaptive reward mixing mechanism. This mech-

anism smoothly transitions focus from dense rea-
soning signals to final answer correctness, creating
a stable gradient ascent path that bridges the gap to
sparse outcome-based rewards.

Together, these design choices couple every
stage into an auditable Proof-of-Use chain: tool
outputs are anchored by stable IDs, steps explicitly
cite evidence, cited grounds are selectively per-
turbed for verification, and the final answer is re-
warded for consistency with the same evidence.

Contributions. We make three contributions.
First, we characterize tool-call hacking, an under-
explored reward-hacking risk in RL-trained re-
search agents under multi-source retrieval, and for-
malize its key manifestations. Second, we pro-
pose Proof-of-Use (PoU), an evidence-grounded
RL framework with a stepwise citation protocol,
progressive process rewards, answer—support align-
ment, and adaptive reward mixing. Third, experi-
ments across multiple datasets show that PoU im-
proves performance, mitigates tool-call hacking,
and induces robust tool-use behavior under domain
and tool shifts.

2 Method

PoU follows an iterative reasoning—acting—
observing trajectory (Yao et al.,, 2023) for
tool-augmented question answering. To address
the often overlooked tool-call hacking in such
settings, we design a set of specialized training
rewards together with a matched step-level
protocol that governs the interaction between
reasoning, tool calls, and answers. A key property
of PoU is ID-consistent end-to-end coupling:
the same evidence IDs introduced by tools are
(1) referenced at the step level via usefulness
verdicts and citations, and (2) reused at the answer
level for evidence—answer consistency checks.
This shared identifier layer turns evidence use
into a traceable protocol, making every reward
attributable to specific retrieved evidence rather
than superficial tool calls.

We will first formalize the tool-call hacking phe-
nomenon, and then present the design of PoU re-
wards in detail.

2.1 Preliminaries

tool-call hacking (Definition): We define trool-
call hacking as a specific form of reward hack-
ing (Skalse et al., 2025) in tool-augmented LLM
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agents, where the policy attains high training re-
wards by satisfying tool-call format requirements
and answer-level correctness objectives, while its
stepwise reasoning and action behavior does not
causally depend on the content returned by the
tools. As a result, the trained model deviates from
the intended goal of retrieval-augmented genera-
tion, introducing a high but often hard-to-detect
risk of hallucinated reasoning and answers.

Manifestations of tool-call hacking: In prac-
tice, tool-call hacking exhibits two direct and recur-
ring manifestations in retrieval-augmented agents
trained with format- and answer-level rewards.

First, the agent’s tool usage becomes poorly co-
ordinated and collapses to a narrow or repetitive
calling pattern. Instead of adaptively planning tool
invocations based on the query structure and in-
termediate findings, the policy tends to overuse
a single tool or a fixed call template that reliably
satisfies format constraints.

Second, the agent’s stepwise reasoning or
rollout-level answers become causally discon-
nected from the retrieved content. That is, semanti-
cally meaningful perturbations to the tool-returned
results do not induce corresponding changes in in-
termediate reasoning steps or the final answer.

2.2 Settings of PoU

2.2.1 Initialization

Each episode begins with a user query x and a
predefined initial prompt that provides explicit,
structured schemas for each callable tool, including
their invocation formats and argument descriptions.

To simulate realistic multi-source information
environments for retrieval-reasoning agents, we
design and implement four categories of black-box
retrieval proxies that collectively capture the di-
versity of external knowledge access in agentic
RAG systems. Each proxy corresponds to a dis-
tinct knowledge source and interaction modality,
enabling the model to reason and retrieve in a uni-
fied yet source-specific manner (See Appendix F
for details). All proxy outputs are uniformly de-
fined within the initialization prompt, allowing the
model to understand their expected arguments and
formats before the reasoning begins.

2.2.2 Proxy Response

After reasoning, the policy may issue a structured
tool call.

<tool_call>JSON_CALL</tool_call>

The environment executes the call and returns a
normalized proxy response with a unified schema:

<tool_response>
REFERENCE_LIST_WITH_ID
</tool_response>

Here, the globally unique id of each reference
is automatically assigned. All four proxies adopt
this schema, so the model can cite evidence via
<ref>ID_1,ID_2</ref>regardless of the source.

Granularity. For the Web Search Proxy, ref
items are organized at the webpage level, typically
including the page title, URL, and a short snippet.
In contrast, the Web Browsing, Local Search, and
Knowledge Graph proxies return ref items at the
paragraph (semantic-chunk) level, enabling finer-
grained evidence grounding.

2.2.3 Reasoning Process

At the beginning of each iteration, the agent first
performs reasoning enclosed within a <think> tag.
For the first step, the model generates initial plan-
ning and reasoning solely based on the user ques-
tion. From the second step onward, each <think>
block must begin with an explicit helpfulness ver-
dict and citation declaration, which is treated as a
unified protocol:

<helpful>yes|no</helpful>
<ref>id1,id2,...|null</ref>

where <ref> cites the identifiers of retrieved
documents from the previous tool call’s structured
output.

This mechanism forces grounding each reason-
ing step on prior observations. From a probabilistic
probing perspective, the hidden state of <helpful>
token quantifies the model’s internal judgment of
evidence utility, serving as a distributional anchor
that aligns the model’s internal activation patterns
with the conditional likelihood of evidence-relevant
reasoning trajectories. By optimizing the probabil-
ity mass of reasoning paths causally dependent on
retrieved evidence, it suppresses spurious thoughts
that diverge from verifiable context. Meanwhile,
the <ref> citation anchors the evidence utility judg-
ment to explicit external sources, establishing a
probing-visible linkage between internal represen-
tations and external tool outputs. This allows each
intermediate conclusion to be traceably grounded
in concrete evidence.

Together, the <helpful> and <ref> mecha-
nisms constitute a dual-channel grounding scheme
that leverages their interaction as a measurable and
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Figure 2: The Proof-of-Use Framework

learnable interface between probabilistic alignment
and structured evidence-grounded reasoning.
When the model determines it has gathered suf-

ficient evidence, it terminates the loop and emits:
<answer> ... </answer>

as the final response to the user.

2.3 Proof-of-Use Rewards
2.3.1 Unified Step protocol for Citation
Reward

According to the unified protocol of each step, all
proxy responses return dictionaries containing a
unique ID, enabling deterministic auditing. We

define the Cite Reward R, in step t:

+1, if parse_ok A consistency_ok
Rjte = A 1ids_valid,

—1, otherwise.

(1
Here, parse_ok 1 indicates syntactically
valid and closed tags; consistency_ok
1 requires (helpful=no = ref=null) and
(helpful=yes = ref # null); ids_valid = 1
means all cited IDs exist in the proxy’s return list.
The rollout-level score is computed as the mean
over all valid steps:

ZtQ

czte
Y

T>1,
T=1,

Rcite =
0,

where T is the total number of reasoning steps.
This ensures that if the model answers directly with-
out invoking any tool (I'=1), no citation reward is
given.

This design separates syntax compliance from
citation consistency, ensuring that every reason-
ing step remains both verifiable and traceable to
reasoning-evidence alignment.

2.3.2 Evidence-Sensitive Reward

To evaluate whether the model’s decision truly de-
pends on the cited evidence rather than spurious
features, we design a perturbation-based reward
that measures the sensitivity of the model’s helpful-
ness prediction py(yes) to evidence change at step
t:
Ry =st- (¢ —q),
—1,
+1,

YES case (degrade cited evidence),
S+ =
! NO case (inject semantic lure).

2

Specifically, for the YES case, we degrade the
cited evidence set S; by replacing their contents
with topic-unrelated snippets, and observe the prob-
ability change Ag = ¢’ — ¢, where ¢ = py(yes |
TSPreal)s q = pe (ves | Tsppert)e TSPreal 18 the
real tool responses and respe, is the real response
with partial replacement. A model that truly relies
on the cited evidence should decrease its helpful-
ness confidence (Ag < 0) after the evidence is
corrupted.

For the complementary NO case, we apply the
opposite perturbation: when the model initially pre-
dicts the helpfulness token as no, we randomly se-
lect one document from the proxy-returned list and
replace its content with an LLM-generated snippet
that is semantically relevant to the query but not
necessarily factual. This synthetic “semantic lure”
mimics a plausible piece of supportive evidence. A
model that truly relies on the cited evidence should
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increase its helpfulness confidence (Ag > 0) after
lure evidence is inserted.

Since each rollout may contain multiple steps,
the Evidence-Sensitive reward is computed under
a fixed budget gate B:

B = min(T—1, Buax, 3, I[RY) =1)),
where we randomly sample B steps from those
with R.je = 1 (from step 2 to T') to apply pertur-
bation. We set Byax = 1 for main experiments
(thus B = 1), and study B = 2 in ablations to
assess stability—cost trade-offs.

The final rollout-level Evidence-Sensitive re-
ward is defined as the mean over the selected per-
turbation outcomes:

1
Ry =2 > Ry 3)
teESE

In practice, by caching prefix KV states and orig-
inal <helpful> logits, evidence perturbation is re-
duced to a tail-only forward pass.

2.3.3 Answer-Support Alignment Reward

We use two complementary training signals: an
Answer—Support Alignment reward R, and a com-
mon Answer-Correctness reward R,,.. The large
action space and delayed outcome rewards make
evidence-grounded agents prone to shortcut guess-
ing. To provide denser supervision, R,;,s encour-
ages the final answer to be supported by the re-
trieved and cited evidence.
We define the Answer—Support reward as:

Rans — 07 N
j(Qa a, 5)’

where J(q,a,&) € [0,1] is an external judge that
measures whether the generated answer a is sup-
ported by the cited evidence £. We instantiate
J with the Faithfulness metric from Ragas (Vi-
brantLabs, 2024). The correctness reward R, 1S
computed by an LLM-as-Judge (Gu et al., 2025;
Seed et al., 2025) between the predicted and gold
answers.

Since Rayc is sparse and unstable in early train-
ing, PoU adopts an adaptive reward-mixing strategy
that gradually shifts optimization from evidence
support to answer correctness:

otherwise,

RS = RS + (1 — as) RS (5)

ans

if no valid evidence is cited or

where ag is a batch-level mixing weight at update
step s. A larger oy emphasizes evidence support,
while a smaller a; emphasizes final-answer correct-
ness. We compute ag adaptively from the moving
average of batch-level correctness, with details pro-
vided in Appendix B.

2.3.4 Overall Objective

The final reward integrates the three signals into a
unified rollout-level objective:

w, if format is valid,
Renal =

-1, otherwise.

(6)
where the overall format is considered valid
only when all basic formats such as <think>,
<tool_call> and <answer> pass the syntactic
checks.

All components are jointly optimized us-
ing Group Relative Policy Optimization
(GRPO)(Shao et al., 2024).

3 Experiments

3.1 Datasets and Metrics

We evaluate PoU on a mixed in-/out-of-domain
(ID/OOD) open-domain QA benchmark suite. For
ID evaluation, we use the official development
splits of HotpotQA (Yang et al., 2018) and
2WikiMultihopQA (Ho et al., 2020), from which
all training data are drawn. For OOD evalua-
tion, we use five datasets with diverse question
styles and evidence structures: Natural Ques-
tions (NQ) (Kwiatkowski et al., 2019), TriviaQA
(TQ) El’oshi et al., 2017), MuSiQue (Trivedi et al.,
2022), PopQA (Mallen et al., 2023), and Bam-
boogle (Press et al., 2023).

For fair comparison, we sample 512 instances
from each dev set of NQ, TQ, HotpotQA, 2Wiki,
MuSiQue, and PopQA with a fixed global seed, and
use all 125 Bamboogle dev items, yielding 3,197
evaluation questions. Only HotpotQA and 2Wiki
are used for training; all other datasets are strict
OOD test sets.

3.2 Baselines

We compare PoU with representative deep re-
search agents spanning retrieval-reasoning RAG,
RL-based search, multi-tool agents, and SFT-only
training.
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Table 1: In-domain evaluation on HotpotQA and 2Wiki.
Results are reported with F1 and LLM-based evaluation
(LM). Bold and underlined numbers indicate the best
and second-best results, respectively.

Model Srec. ‘ HotpotQA ‘ 2Wiki

| FI LM | F1 LM
RAG
Routing RAG Multi | 30.8 36.0 | 144 18.2
All-in-one RAG ~ Multi | 345 40.2 | 232 264
Search-o1* Local | 31.6 40.8 | 28.6 32.8
Search-ol Web | 33.0 424|309 37.7
RL Deep Research
Search-R1-base  Local | 55.9 63.0 | 44.6 479
Search-R1-inst.  Local | 45.7 52.5|43.4 48.8
R1-Searcher Web | 44.8 53.1 |594 658
CoA Multi | - 439 | - 502
DeepResearcher  Web | 52.8 64.3 | 59.7 66.6
DeepResearcher+ Multi | 50.3 61.7 | 61.2 67.4
PoU-SFT Multi | 42.2 455 |37.6 419
Ours
PoU Multi | 54.9 67.2 | 68.3 78.0

Retrieval-Reasoning RAG. We include Rout-
ing RAG, which dynamically selects among cor-
pus, web, and KG retrievers, and All-in-One RAG,
which exposes all retrievers through a unified in-
terface. Both follow ReAct (Yao et al., 2023) with
three reasoning—retrieval turns.

RL-based Search Agents. We compare with
Search-ol (Li et al., 2025b), Search-R1 (Jin et al.,
2025), and R1-Searcher (Song et al., 2025), which
learn multi-hop search behavior through RL-guided
sub-query generation and evidence summarization.

Multi-Tool Agents. We include Chain-of-
Agent (CoA) (Li et al., 2025a) and DeepRe-
searcher (Zheng et al., 2025), two recent agentic
systems for heterogeneous tool environments. For
fair comparison, we also train DeepResearcher+
from scratch with the same external tool set as PoU,
isolating the effect of PoU’s evidence-grounded
reward design.

SFT-only PoU. We include PoU-SFT, trained on
PoU-formatted expert trajectories with the same
model, tools, and data as PoU but without RL re-
wards, to isolate the effect of explicit process-level
RL supervision.

3.3 Main Results

Across all seven datasets, covering both in-
domain (HotpotQA, 2Wiki) and out-of-domain
(NQ, TQ, MuSiQue, Bamboogle, PopQA) bench-
marks, Proof-of-Use (PoU) consistently shows
strongest performance. These gains extend be-
yond the training distribution: PoU achieves the
strongest overall performance across the OOD
benchmarks, with particularly consistent gains on
the LM metric while remaining competitive or best
on factual F1.

PoU achieves the best LM scores on both NQ
and TQ, while also obtaining the best F1 on NQ
and competitive F1 on TQ, which are in-domain
datasets for DeepResearcher. This suggests that
PoU’s improvements do not come from memoriz-
ing domain-specific knowledge, but from stronger
evidence—reasoning alignment. By learning to
ground answers in retrieved evidence, PoU trans-
fers its reasoning strategy to unseen domains rather
than relying on dataset-specific experience.

The comparison with DeepResearcher+ fur-
ther shows that naively expanding the action space
with additional information sources can hurt stan-
dard RL agents. Despite access to more tools,
DeepResearcher+ fails to effectively exploit the
added knowledge and suffers performance drops,
highlighting the need for specialized training for
multi-source tool use. Meanwhile, PoU-SFT, al-
though trained on LLM-guided expert trajectories,
performs substantially worse and degrades more
severely on OOD tasks. This indicates that PoU’s
gains are not merely due to LLM-generated super-
vision, but to evidence-grounded RL that teaches
decision-making logic beyond imitation.

We also find that All-in-One RAG consistently
outperforms Routing RAG, consistent with obser-
vations from RAG in the Wild that heuristic routing
without explicit optimization can be inefficient or
even counterproductive. Although routing appears
beneficial by narrowing the retrieval scope, it may
prematurely discard useful evidence.

In our multi-source setting, routing becomes
an additional latent decision: the agent must de-
cide not only what to retrieve, but also where to
retrieve from. As the number of sources grows,
this enlarged action space makes exploration in-
efficient and unstable. PoU mitigates this issue
through protocol-based training: citation validity
and evidence-reasoning consistency provide step-
level constraints that regularize search and prevent
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Table 2: Performance comparison on five out-of-domain QA benchmarks: NQ, TQ, MuSiQue, Bamboogle, and
PopQA. All results are reported with F1 and LLM-based evaluation (LM) metrics. Bold numbers indicate the best
performance in each column. Underlined numbers indicate the second best.

Method Env. ‘ NQ ‘ TQ ‘ MuSiQue ‘ Bamboogle ‘ PopQA

| FI. LM | FI LM | Fl LM | Fl LM | Fl LM
RAG
Routing RAG Multi 348 429 | 51.0 59.6 | 6.5 82 | 170 174 | 351 399
All-in-one RAG Multi 375 483 | 602 688 | 9.7 11.8 | 23.5 25.1 | 469 48.8
Search-o1* Local 345 574|526 61.1 | 16.8 21.3 | 358 384 | 369 424
Search-ol Web Search | 324 55.1 | 589 69.5 | 147 19.7 | 46.6 53.6 | 383 434
RL Deep Research
Search-R1-base Local 454 60.0 | 719 76.2 | 26.7 275 | 565 57.6 | 432 47.0
Search-R1-instruct Local 33.1 49.6 | 447 492 | 26.5 283 | 45.0 472 | 43.0 445
R1-Searcher Web Search | 354 523 | 73.1 79.1 | 22.8 25.6 | 64.8 65.6 | 42.7 434
CoA Multi — 439 633 | — 223 | — 496 | — 465
DeepResearcher Web Search | 39.6 619 | 784 85.0 | 27.1 293 | 71.0 72.8 | 48.5 52.7
DeepResearcher+ Multi 379 58.7 | 76.0 82.1 | 23.0 265|689 704 | 51.1 545
PoU-SFT Multi 359 560 | 51.3 60.6 | 11.2 124 | 333 352 | 372 414
PoU Multi ‘ 455 67.2 ‘ 77.6 89.6 | 29.0 34.1 | 69.5 74.6 | 55.7 61.2

divergence. As a result, PoU effectively leverages
multi-source evidence while avoiding the instabil-
ity of naive routing, yielding stronger performance
and generalization.

3.4 Ablation Study

3.4.1 Rewards Ablation

Figure 3 shows the effect of different reward con-
figurations. Increasing the perturbation budget to
B=2 yields a more stable trajectory and higher
final performance, confirming that the perturba-
tion reward R,; encourages the model to rely on
genuinely supportive evidence rather than merely
acknowledge tool responses. Removing adaptive
reward mixing and using a static average of R,
and R,y slows early learning and lowers the fi-
nal performance, showing that the two rewards
play stage-dependent roles: R,,s provides dense
grounding supervision early, while R,,. becomes
more useful after evidence—reasoning consistency
improves. Finally, removing R,;. causes unstable
training and frequent late-stage collapse, indicat-
ing that answer—citation alignment is essential for
smoothing policy optimization and grounding final
answers in intermediate evidence.

3.4.2 Out-of-domain-tool (OOT) and negative
tool (NT) Experiments

To evaluate generalization under simultaneous do-

main and tool-set shifts, we conduct additional ex-

periments in an out-of-domain (OOD) and out-

80%
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=— PoU w/o ARMix

«— POU W/0 Ranc

~— POU W/o Ryt Pou

70%
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g
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50%

[ 10 20 30 40 50 60
Step

Figure 3: Ablation study of PoU. Comparison under
different reward configurations: default perturbation
budget B=1, extended B=2, and variants removing
Ry or Rype.

of-domain-tool (OOT) setting. Specifically, we
introduce tools that are never observed during train-
ing (a biomedical local search proxy (Local_Bio)).
In addition, we introduce a negative tool (NT),
which is deliberately task-irrelevant, to reflect real-
istic scenarios where certain tools are inapplicable
and to assess the model’s robustness to interference
as well as its ability to select appropriate tools. Ex-
periments are conducted on two biomedical QA
benchmarks, BioASQ (Krithara et al., 2023) and
PQArefEval (Basaragin et al., 2024).

As shown in Table 3, DeepResearcher+, despite
being trained with an expanded toolset, performs
consistently worse than its original 2-tool coun-
terpart (DeepResearcher) not only in OOD set-
tings but also under the more challenging OOT
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Table 3: OOT evaluation on biomedical QA datasets.
“w/ NT” denotes the inclusion of an additional negative
tool.

Model BioASQ PQArefEval
Zero-shot 13.5 18.4
RAG 25.8 315
DeepResearcher+ 37.1 42.4
DeepResearcher 38.9 42.1
DeepResearcher w/ NT 31.8 37.6
PoU w/ NT 43.9 48.3
PoU 45.6 48.7

Tool Usage Distribution

ower  wmm Local Bio mem NT

Figure 4: Tool-call ratio (%) distributions across models
and settings. For visual clarity, values below 6% are not
shown. For brevity, DeepR. denotes DeepResearcher.

regime across both biomedical datasets. More-
over, when an additional negative tool (NT) is intro-
duced, the performance of DeepResearcher drops
substantially, indicating a strong sensitivity to task-
irrelevant tools. While PoU model achieves the
best performance by a clear margin, demonstrating
strong domain-level and tool-level generalization,
while remaining robust even when the negative tool
(NT) is introduced.

This result reveals an important phenomenon: as
the number of available tools increases, the agent’s
action space grows combinatorially. Without ex-
plicit process-level supervision, such an enlarged
search space can easily lead to unstable policies or
degenerate reasoning behaviors.

In contrast, through explicit evidence-reasoning-
answer alignment training, the PoU training
paradigm stabilizes learning under both domain
and tool distribution shifts, substantially mitigating
tool-call hacking. Crucially, PoU does not explic-
itly optimize for tool adaptation or robustness to
task-irrelevant tools. Instead, by regulating a tight
dependency between evidence usage, intermediate
reasoning, and final answers, the training objec-
tive implicitly biases the trajectory toward tools
that consistently support verifiable reasoning. As
a result, robustness to unseen or task-irrelevant
tools emerges as a extra bonus from PoU.

3.4.3 Tool-Call Behavior Analysis

Building on Figure 1, we further analyze how
agents allocate tool calls under different task and
tool environments. We sample 1,000 rollouts from
each of seven open-domain test sets and two OOT
benchmarks, and report the tool-call ratio distribu-
tion in Figure 4.

Under standard format- and answer-level re-
wards, DeepResearcher shows a strong tendency
toward tool overuse and specialization collapse.
When trained with an additional tool proxy, Deep-
Researcher+ overwhelmingly relies on Web Search
(94.6%) while almost abandoning Web Browser
(3.2%), despite the intended search—browse hier-
archy. This indicates that the agent does not learn
functional differentiation among tools; instead, it
repeatedly invokes the tool that yields early non-
zero rewards. Similarly, under OOT and NT set-
tings, DeepResearcher maintains a polarized and
rigid tool-call distribution, suggesting a brittle re-
trieval policy that fails to adapt to task or tool shifts.
This provides another manifestation of tool-call
hacking: the agent satisfies format and outcome
rewards through repetitive tool invocation rather
than evidence-grounded tool use.

In contrast, PoU exhibits a more balanced and
context-sensitive tool-call distribution. Beyond im-
proving robustness under OOT and NT settings,
PoU induces a second emergent property: adap-
tive tool allocation across tasks and tool environ-
ments, indicating that evidence-grounded super-
vision helps agents learn heterogeneous retrieval
utilities without explicitly optimizing for tool adap-
tation.

4 Conclusion

We identify tool-call hacking as a critical failure
mode in RL-trained deep research agents and pro-
pose Proof-of-Use (PoU), an evidence-grounded
framework that enforces dependency between re-
trieval, reasoning, and answers. Experiments show
that PoU mitigates this issue, improves perfor-
mance, and yields robust tool-use behavior under
domain and tool shifts.
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Limitations

Our study focuses on retrieval-style tools and does
not cover execution-style tools such as code in-
terpreters or symbolic solvers, where the failure
modes and supervision design may differ. The
evaluation is conducted on open-domain English
QA benchmarks and a biomedical domain; gener-
alization to other languages, modalities, or domain-
specific reasoning tasks remains to be verified. The
Answer—Support Alignment reward relies on an ex-
ternal judge model (Ragas Faithfulness with GPT-
40-mini) and may inherit biases or errors of the
judge. Finally, RL training of PoU is computation-
ally expensive and the curriculum-style adaptive
reward mixing introduces additional hyperparame-
ters that may require tuning across new settings.

Ethical Considerations

This work focuses on improving the reliability and
evidence grounding of tool-augmented research
agents. We do not introduce new user-facing ap-
plications, collect personal data, or involve human
subjects. All experiments are conducted on public
QA benchmarks and controlled tool environments.
Therefore, we do not identify direct ethical risks re-
lated to privacy, discrimination, or human-subject
interaction.

One potential concern is that the perturbation
procedure used for evaluation could be misused
to construct misleading retrieval results. In this
work, such perturbations are used only in a con-
trolled experimental setting to test whether agents
genuinely rely on evidence. We do not release per-
turbed evidence as factual content, and our method
is designed to mitigate, rather than encourage, un-
grounded or deceptive tool use.
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A Scope of Tools

In this work, we define “tools” as black-
box(Ajwani et al., 2024) proxies that interface with
external knowledge sources: retrieval-style tools
including but not limited to open-web search, in-
ternal document collections, structured APIs, or
specialized knowledge bases. This reflects a com-
mon abstraction in RAG systems, where tools are
used to fetch potentially relevant information con-
ditioned on the current query or reasoning context.
We do not extend our analysis to coding or mathe-
matical tools(Wolflein et al., 2025).

This choice is deliberate: coding and math tools
primarily stress symbolic reasoning and execution
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correctness, where tool outputs are directly con-
sumed as final answers and failures are typically
observable (e.g., wrong values or execution errors).
In contrast, retrieval tools serve as intermediate
evidence providers. Their effectiveness depends
on problem analysis, retrieval planning, and infor-
mation integration, creating a setting where agents
can satisfy tool-call specifications without causally
relying on the returned evidence. This makes
retrieval-centric tools particularly susceptible
to tool-call hacking (see Section 2.1 for a formal
definition), motivating our PoU rewards.

B Details of Adaptive Reward Mixing

This section describes how PoU computes the adap-
tive mixing weight s in Eq. 5. At each update step
s, we first estimate the current batch-level answer
correctness:

1S
ts=7 ) R (7
=1

where B denotes the batch size and Ry € [0, 1]
is the raw correctness reward of rollout .

To reduce variance, we maintain an exponential
moving average:

Cs = Bésfl + (1 - B)ésa B S [07 1) (8)

The mixing weight is then computed using a
monotone logistic gate:

as = o(K(T — ), 9)

where 7 is a correctness threshold and « controls
the sharpness of the transition. When model cor-
rectness is low, o remains large, placing more
weight on answer—support alignment. As training
progresses and ¢, increases, as decreases smoothly,
shifting the optimization focus toward answer cor-
rectness.

Property of adaptive mixing. The adaptive
schedule has three useful properties. First, since
as = o(k(T —¢)) € (0,1) and both Rapns and
Ranc are normalized to [0, 1], the mixed reward is
a bounded convex combination and therefore does
not change the reward scale. Second, s decreases
monotonically with the smoothed correctness esti-
mate c,, because

Oag
OCs

= —kras(l —ag) <0. (10)

Thus, the reward naturally shifts from evidence
alignment to answer correctness as training pro-
gresses. Third, the EMA update
Cs — Cs—1 = (1_ﬁ)(és_ésfl) (11)
limits the influence of any single noisy batch, pre-
venting abrupt switches in the training objective.
Together, these properties make the schedule a
smooth curriculum: early training receives dense
grounding supervision, while later training is in-
creasingly optimized toward final task correctness.

C Related Works

C.1 Reinforcement Learning based Deep
Research Agents

Large language models (LLMs) are limited by the
static knowledge embedded in their parameters,
which often leads to hallucinations when answering
time-sensitive or knowledge-intensive queries. To
address this limitation, RAG systems have evolved
from static heuristics to adaptive reasoning agents.
Recent works apply reinforcement learning (RL)
to enable LLMs to autonomously plan reasoning
steps, decide when and how to invoke retrieval
tools, and verify information across heterogeneous
sources (Zheng et al., 2025; Song et al., 2025).

Search-R1 (Jin et al., 2025) introduces a closed-
loop reason-and-search framework, allowing mod-
els to dynamically invoke search engines during
answer generation. R1-Searcher (Song et al., 2025)
further adopts a two-stage RL training paradigm
that substantially improves autonomous search be-
haviors. ReSearch (Chen et al., 2025) treats search
as an integral part of the reasoning chain without
relying on supervised intermediate reasoning la-
bels. Beyond controlled environments, DeepRe-
searcher (Zheng et al., 2025) extends RL training
to the open Internet, enabling end-to-end optimiza-
tion in real-world web settings.

C.2 Reward Hacking in Reinforcement
Learning

Reward hacking (a.k.a. specification gaming)
refers to agents exploiting misspecified objectives
to achieve high reward while violating the de-
signer’s true intent. It was systematically high-
lighted as a core Al-safety challenge in Con-
crete Problems in Al Safety and later analyzed
through empirical taxonomies of gaming behav-
iors (Amodei et al., 2016). Formal treatments
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attribute reward hacking to proxy misspecifica-
tion, characterizing conditions under which objec-
tives become hackable and proposing principled
defenses; related work studies reward tampering,
where agents manipulate the reward channel it-
self (Skalse et al., 2025). These failure modes
are closely connected to Goodhart’s Law—over-
optimizing a proxy causes it to decouple from the
true goal—and to goal misgeneralization, where
models pursue unintended objectives despite cor-
rect training feedback (Manheim and Garrabrant,
2019).

In LLM post-training, reward-model optimiza-
tion introduces additional risks: excessive optimiza-
tion against learned reward models can degrade
human-judged quality as policies overfit spurious
reward artifacts. Prior work proposes constrained
RLHF and composite reward formulations to mit-
igate such effects, while iterative RLHF can em-
pirically reduce over-optimization across rounds,
albeit with diminishing returns (Moskovitz et al.,
2024). Process-based supervision, such as pro-
cess reward models (PRMs) or step-wise Chain-of-
Thought(Wei et al., 2023) rewards, offers denser
and potentially less gameable signals; however,
monitoring intermediate reasoning also opens new
attack surfaces, enabling models to obfuscate or
game the monitor itself. This has motivated hybrid
objectives that jointly supervise both outcomes and
processes. Orthogonal alignment approaches, such
as Constitutional Al, further reduce reliance on
noisy human labels through principle-guided self-
critique, reframing supervision to limit exploitable
gaps in reward design (Bai et al., 2022).

Modern RL-trained retrieval-reasoning agents
further expand the action space by allowing poli-
cies to invoke external tools (e.g., search engines,
web browsers, or knowledge-base APIs), thereby
influencing the information sources used to com-
pute downstream rewards. In this setting, reward
hacking manifests in subtle and prevalent forms.
We identify and formalize these failures as tool-call
hacking, and this paper aims to provide a principled
solution to this problem.

D Implementation Details

We use GPT-40-mini as the external judge model
for evaluating answer—evidence alignment and
factual consistency. All other agentic modules
(browser, KG proxy, perturbations LLM) are im-
plemented with Qwen-3-8B, deployed via vLLM

inference servers. The training backbone model
is Qwen-2.5-7B-Instruct. Prior to reinforcement
learning, supervised fine-tuning is performed with
a batch size = 256 for 3 epochs. For reinforce-
ment learning, we adopt VERL with the GRPO
algorithm. Each update uses 8 parallel rollouts,
distributed across 32 x A100 GPUs. The R,; bud-
get B is 1. The maximum reasoning step is set to
10, and each retrieval call returns the top-5 docu-
ments or chunks per query. The KG proxy retrieves
one-hop subgraph information from Wikidata and
WikiPedia by ToG-2(Ma et al., 2025) system, pro-
viding semantically condensed neighborhood sum-
maries as context. In the OOT experiments, we
additionally introduce a local biochemical Proxy,
which is built from a biochemical corpus derived
from PubMed and serves as a local retrieval in-
terface, serving as the fixed local knowledge base
for domain-specific retrieval. The local_proxy is
turn-off for non-medical domain tasks.

E Extreme Case

To expose tool-call hacking and evaluate resis-
tance to spurious tool responses, we intervene in
tool-call by randomly replacing the content of the
corresponding <tool_response> with the token
“content”, while preserving the response structure.
Due to space constraints, Table 4 only presents
the <think> component of a single reasoning step
under spurious tool responses. Nevertheless, this
simplified illustration faithfully reflects the behav-
ior patterns we consistently observe in full roll-
outs. In practice, when the tool response content
is corrupted while preserving its structure, Deep-
Researcher often produces seemingly coherent in-
termediate reasoning that implicitly assumes the
existence of valid evidence, despite the absence
of any usable information in the tool output. In
contrast, PoU explicitly recognizes the lack of sup-
porting evidence at the step level, marks the tool
call as unhelpful, and proactively resorts to alter-
native tools. This contrast is robust across queries
and steps, and the extreme case shown here serves
as a minimal yet representative example of the un-
derlying phenomenon.

F Proxy settings

* Web Search Proxy. This module enables
the agent to access open-domain information
through keyword-based retrieval. Given a tex-
tual query, it returns a structured list of web-
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Table 4: An Extreme Case

Observation:<tool_response> content
</tool_response>

Method

DeepResearcher <think>

I found the information about
“xxx”.

Now I will check “xxx”.
</think>

PoU <think>
<helpful>no</helpful>
<ref>null</ref>
No relevant information found.
I will try another tool.
</think>

page entries, each containing a title, URL,
and snippet. For controlled evaluation, the
current configuration retrieves a fixed top-k
set of documents per query, ensuring repro-
ducible coverage across runs.

* Web Browsing Proxy. This proxy performs
in-depth inspection of given URLs of retrieved
webpages and extracts content relevant to the
current query. It returns concise, structured
summaries to the reasoning model as evidence
for downstream use.

* Local Search Proxy. This proxy accesses pre-
built, fixed knowledge repositories, typically
used in private or professional domains such
as academic papers, technical reports, enter-
prise data, or financial documents. Compared
with web search, these repositories feature
higher knowledge density and lower noise,
making them particularly suitable for deeper
domain-specific tasks.

* Knowledge Graph Proxy. This proxy serves
as a interface to structured, graph-based
knowledge stores. Rather than employing a
query-generation agent that issues executable
graph queries, we adopt a semantic KG agent
that abstracts subgraphs into concise, natural-
language summaries. This choice prioritizes
robustness and generality across heteroge-
neous graph schemas, allowing the proxy to
be more compatible with the model’s reason-
ing process. The KG proxy thus functions as
a lightweight retrieval utility supplying struc-
tured yet readable context when graph knowl-
edge is required.

G Adversarial Perturbation Prompts

This appendix provides the prompts used to con-
struct perturbed evidence for evaluating whether
agents genuinely rely on retrieved evidence. We
consider two perturbation directions: transform-
ing irrelevant evidence into seemingly relevant ev-
idence, and transforming relevant evidence into
irrelevant or minimally useful evidence.

Evidence Perturbation Prompt: Irrelevant
— Relevant

You are an expert in adversarial
rewriting for information retrieval
evaluation.

Your task is to modify the content
of a retrieved result so that it
appears relevant and credible for a
given user query, without fabricating
unsupported factual claims.

The retrieved result is provided as
a JSON object representing an element
returned by a retrieval system. The
structure of this JSON object may vary
depending on the retrieval method.
Your  job is to perturb the
CONTENT of the object so that it
appears related to the query, while
strictly preserving the original JSON
structure and factual content.

Input

Query: «QUERY»

RetrievedObject (JSON):

«JSON_OBJECT»

Instructions

1. Preserve the exact JSON structure:

e Do NOT add or remove fields.
e Do NOT rename fields.

e Do NOT change the  nesting
structure.

* The output must remain a valid
JSON object with the exact same

schema.
2. Only modify natural-language
content fields, such as titles,
snippets, abstracts, passages,

bodies, or descriptions.
3. Do NOT modify identifiers, URLs,
timestamps, source names, retrieval
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scores, embeddings, or other metadata
fields, even if they are represented
as strings.

4. Rewrite or reorganize the textual
content so that the object appears
more relevant and useful for answering
the query.

5. You may:

e emphasize contextual

cues;

existing

* rephrase or reorganize the
original content;

* add query-oriented framing
without introducing unsupported
factual claims;

* connect the content to the query
topic when such a connection can
be plausibly inferred.

6. Do NOT fabricate unsupported
factual claims. In particular, do not
introduce new entities, events, dates,
numbers, citations, experimental
results, or causal claims that are
not present in or directly inferable
from the original object. Any
added framing must only increase
perceived relevance without changing
the factual content of the original

object.

7. If it is wunclear whether a
field is content or metadata, keep it
unchanged.

8. The result should look 1like
a natural retrieval result that is
relevant to the query.

9. The rewritten content should be
persuasive, coherent, and believable,
while remaining faithful to the
original object’s factual content.
10. Do NOT mention that this is a
rewriting task or that the document
was originally unrelated.

Output requirements

Return ONLY the rewritten JSON object.

Do NOT wrap the output in Markdown
code fences.

The JSON structure must exactly match
the input structure, with only the

natural-language content modified to
increase perceived relevance to the
query.

Evidence Perturbation Prompt: Relevant
— Irrelevant

You are an expert in adversarial
rewriting for information retrieval
evaluation.

Your task is to modify the content of
a retrieved result so that it appears
unrelated, tangential, or minimally
useful for answering a given user
query.

The retrieved result is provided as
a JSON object representing an element
returned by a retrieval system. The
structure of this JSON object may vary
depending on the retrieval method.
Your job is to perturb the CONTENT of
the object so that it becomes less
useful for answering the query, while
strictly preserving the original JSON
structure.

Input

Query: «QUERY»

RetrievedObject (JSON):

«JSON_OBJECT»

Instructions

1. Preserve the exact JSON structure:

e Do NOT add or remove fields.

e Do NOT rename fields.

* Do NOT
structure.

change the nesting

e The output must remain a valid
JSON object with the exact same

schema.
2. Only modify natural-language
content fields, such as titles,
snippets, abstracts, passages,

bodies, or descriptions.

3. Do NOT modify identifiers, URLs,
timestamps, source names, retrieval
scores, embeddings, or other metadata
fields, even if they are represented
as strings.
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4. Rewrite the content so that
it becomes unrelated, generic,
tangential, underspecified, or
focused on a different topic than the
query.

5. You may use the following
strategies:

e shift the topic to a different
domain;

* replace query-specific concepts
with broader or less informative
themes;

* generalize the content into vague
background discussion;

* emphasize tangential or
peripheral information;

e introduce neutral or alternative
contexts.

6. The rewritten content should still
read naturally and coherently, as
if it were a legitimate retrieval
result, but it should not be useful
for answering the query.

7. Avoid mentioning the query
topic directly unless necessary, and
minimize conceptual overlap with the
query.

8. Do NOT mention that this is a
rewriting task.

9. If it is wunclear whether a
field is content or metadata, keep it
unchanged.

Output requirements

Return ONLY the rewritten JSON object.
Do NOT wrap the output in Markdown
code fences.

The JSON structure must exactly match
the input structure, with only the
natural-language content modified to
reduce usefulness for answering the

query.

H Artifact Licenses, Intended Use, and
Data Documentation

We use publicly available datasets and artifacts,
including HotpotQA, 2WikiMultihopQA, Natural

Questions, TriviaQA, MuSiQue, PopQA, Bam-
boogle, BioASQ, PQArefEval, Ragas, and the com-
pared baseline systems, following their original li-
censes or terms of use. All artifacts are used only
for research evaluation, which is consistent with
their intended academic and benchmark use. We
cite the original creators of these artifacts and do
not redistribute any restricted data, proprietary re-
sources, or derived perturbed evidence as factual
content. We use publicly available QA benchmarks
and do not collect new user data or human-subject
data. For artifacts created in this work, includ-
ing PoU-formatted trajectories and perturbation-
based evaluation examples, the intended use is
research on evidence-grounded tool-augmented
agents. These artifacts should not be used to gen-
erate or disseminate misleading evidence outside
controlled research settings.

I Use of AI Assistants

Al assistants were used only for typo checking,
grammar correction, and language polishing. They
were not used to generate ideas, conduct exper-
iments, analyze results, or formulate scientific
claims. All content was reviewed and verified by
the authors.
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