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ABSTRACT

Retrieval-augmented language models increasingly use multi-step search to solve
knowledge-intensive tasks, yet existing systems typically expose retrieval through
fixed pipelines or collections of atomic tools. We introduce Retrieval Program
Learning (RPL), a programmable search framework that allows a policy to com-
pose search primitives into executable programs with local state and control flow.
This enables adaptive search that can retrieve broadly, process intermediate results,
and selectively construct model context without tying retrieval breadth to context
consumption. However, the resulting flexibility creates a difficult exploration
problem: useful programs may require several coordinated decisions, while rein-
forcement learning often supplies only sparse feedback. To address this challenge,
we introduce program mutation, a grammar-constrained and execution-verified
procedure that generates local variants of suboptimal programs sampled during RL,
converts them into training trajectories, and distills them back into the policy. We
evaluate RPL on open-domain question answering and corpus-level reasoning tasks,
comparing it with a range of retrieval and reasoning baselines. RPL consistently
improves open-domain QA performance across model sizes and in- and out-of-
domain benchmarks, with particularly large gains on multi-hop tasks. Notably, a
4B model trained with RPL outperforms all 8B model baselines. On corpus-level
reasoning, RPL achieves the highest document-coverage F1 for both model sizes
while substantially reducing context consumption and retrieval turns. Our results
show that programmable search expands the retrieval strategies that agents can
effectively learn, while program mutation provides an effective mechanism for
exploring useful program structures beyond direct on-policy sampling.

1 INTRODUCTION

Language models increasingly use retrieval to solve knowledge-intensive tasks. Retrieval-augmented
generation grounds generation in external evidence, and search agents extend this paradigm by
interleaving reasoning with multiple rounds of retrieval (Lewis et al., 2020; Yao et al., 2023; Trivedi
et al., 2023). Recent methods use reinforcement learning with verifiable rewards (RLVR) to optimize
this process directly from answer correctness, learning when to search, how to formulate queries, and
how to use retrieved evidence (Jin et al., 2025; Song et al., 2025). In most such systems, however,
search is exposed as a single fixed action. The system designer, not the policy, chooses the retriever,
candidate breadth, reranker, and amount of evidence returned to the model. This design simplifies
learning, but requires a single retrieval pipeline to serve questions with different evidence needs.

A natural alternative is to give the policy finer-grained control over how retrieval is performed. Recent
methods expose multiple operations as tools, allowing the model, for instance, to choose between
semantic and lexical search (Luo et al., 2025b; Gandhi et al., 2026). These interfaces broaden
the policy’s choices, but each operation remains a predefined atomic action, and more complex
retrieval strategies must be expressed as sequences of tool calls. We instead introduce Retrieval
Program Learning (RPL), a programmable search interface in which the policy writes short programs
composed of search primitives and executes them within a sandbox. For instance, a program can
issue dense and sparse retrievals, filter intermediate candidates, and select which documents enter the
model’s context. Code provides local state and control flow, allowing intermediate results to remain
in program memory while only selected evidence is returned to the model. This decouples retrieval
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Figure 1: Overview of Retrieval Program Learning. (1) The policy composes search primitives into
executable programs rather than relying on fixed retrieval pipelines. (2) Program mutation explores
local variations of suboptimal programs generated by the policy to discover more effective retrieval
structures. (3) Programmable search improves answer accuracy while using context more efficiently.

breadth from context consumption and permits adaptive search procedures that cannot be expressed
by a single retriever or a fixed pipeline.

Programmability, however, also creates a harder exploration problem. Consider a multi-hop question
for which neither dense nor sparse retrieval alone finds all required evidence. A successful program
may need to formulate complementary subqueries, retrieve broadly with both methods, fuse and
deduplicate the results, and rerank them into a small context, potentially spanning multiple turns.
Such long-horizon dependencies are difficult to learn from outcome rewards, which provide little
information about which intermediate choices contributed to success or failure. The same interface
that expands what the agent can express also expands the space it must learn to explore.

We address this challenge with program mutation, a procedure for exploring useful retrieval programs
through structured mutations. Given a suboptimal program sampled during RL, a typed grammar
generates nearby variants while preserving its queries. Mutations make localized changes to retrieval
structure, such as replacing a retriever, increasing retrieval breadth, combining results, or adding
reranking. We execute these variants and convert verified ones into synthetic trajectories for training.
We integrate mutation into an iterative procedure that collects recent RL rollouts, constructs verified
mutations, fine-tunes briefly on the resulting trajectories, and resumes RL. Program mutation thus
provides experience with useful structures that sparse on-policy exploration may not discover, while
leaving RL free to continue optimizing both program structure and query formulation.

We assess programmable search in two complementary settings: open-domain question answering
and corpus-level reasoning. We train Qwen3 models on two QA datasets, Natural Questions and
HotpotQA, and evaluate them across seven QA benchmarks, where RPL consistently outperforms
retrieval-augmented RL baselines, improving average EM by up to 11.5% for 4B and 9.0% for
8B. Notably, the 4B model trained with RPL outperforms all 8B baselines. The gains hold across
benchmarks and are particularly pronounced on multi-hop tasks, indicating that the learned retrieval
programs generalize beyond the training tasks. On corpus-level reasoning, RPL achieves the highest
document-coverage F1, with gains of up to 25.6% over the strongest baselines, while also achieving
the best average answer F1 with 8B. Moreover, RPL’s performance improves notably from 4B to
8B while Search-R1 and MARAG-R1 show little change, suggesting that more capable models can
better leverage the additional flexibility to design more effective retrieval strategies. Further analysis
shows that program mutation improves performance over RL-only training by facilitating exploration
of useful structures that are often difficult to discover through on-policy RL alone. Together, these
results show that programmable search can substantially improve the quality of learned retrieval,
while program mutation supports the discovery of more effective strategies.

In summary, our main contributions are as follows:
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* Programmable search for agents. We formulate search as programmable retrieval, where the
policy composes search primitives into executable programs that adapt retrieval dynamically
rather than invoking a fixed, monolithic pipeline.

» Exploration through program mutation. We introduce a structured procedure for discovering
enhanced retrieval programs from the policy’s own suboptimal rollouts and distilling them back
into the policy, augmenting on-policy exploration of program structure.

¢ Evaluation, analysis, and reproducibility. We evaluate across diverse models and QA tasks,
analyzing accuracy, context consumption, and efficiency. We release our code for training and
evaluation, including sandboxed code execution and an optimized retrieval stack.

2 RELATED WORK

Retrieval-augmented generation and search agents. Retrieval-augmented generation grounds
model outputs in external evidence to incorporate information beyond the model’s parametric knowl-
edge (Lewis et al., 2020). ReAct (Yao et al., 2023) and IRCoT (Trivedi et al., 2023) extend the
standard retrieve-then-generate pipeline by interleaving reasoning with repeated tool use or retrieval.
Recent work such as Search-R1 (Jin et al., 2025) casts search as a multi-step RL problem: the
policy alternates reasoning with search, and answer correctness provides the reward for optimization.
Subsequent work improves various aspects of this framework, including evidence refinement, credit
assignment, and training efficiency, while largely treating retrieval as a fixed environment action (Shi
et al., 2025; Zhao et al., 2025; Liang et al., 2026; Chu et al., 2026).

Beyond implementing search as a single action, recent work has explored giving the policy finer-
grained control by exposing common retrieval operations as distinct tools. MARAG-R1 (Luo et al.,
2025b) and GRASP (Gandhi et al., 2026) train agents to coordinate retrieval operations, such as
semantic and keyword search, while ProRetrieval (You et al., 2026) leverages SQL operations for
hybrid retrieval over structured and multimodal data. Building on the broader idea of Search as
Code (Perplexity Research, 2026), we take a step further by formulating search as programmable
retrieval, where the policy composes search primitives into executable programs that dynamically
control the retrieval process.

RL exploration for language models. On-policy RL improves the policy using the trajectories it
samples. This makes exploration especially challenging in RL with verifiable rewards (RLVR), where
sparse outcome rewards provide little guidance for intermediate decisions (Kim et al., 2026). Recent
analyses suggest that RLVR increases the probability of successful strategies already accessible to the
base model, while strategies that are initially unlikely remain difficult to discover (Yue et al., 2025).
To encourage broader exploration, prior work has explored prolonged optimization, entropy-aware
exploration, and external guidance (Liu et al., 2026; Dong et al., 2026).

A similar exploration challenge arises in programmable search. A richer retrieval SDK gives the
policy greater flexibility, but also expands the space of possible programs. We address this challenge
with program mutation, which explores local variations of programs produced by the current policy
rather than requiring useful structures to be discovered through end-to-end sampling. This idea is
related to iterative self-training in ReST (Gulcehre et al., 2023), search-based trajectory construction
in Agent-R (Yuan et al., 2025), and execution-guided program evolution in FunSearch (Romera-
Paredes et al., 2024). We specify a typed grammar that defines the set of allowable mutations, such
as replacing a retriever, increasing candidate breadth, or adding reranking. We execute trajectories
with mutated programs spliced in and fine-tune on verified variants before resuming RL. Unlike
unconstrained trajectory repair, our method restricts mutations to interpretable search primitives;
unlike per-instance program search, it distills the resulting variants back into the policy.

3 LEARNING TO PROGRAM RETRIEVALS

3.1 PROBLEM SETUP

Let x denote a question, C an external corpus, and )(x) the set of reference answers. A retrieval-
augmented policy interacts with the environment over multiple turns, generating reasoning and search
actions and receiving environment observations, until producing a terminal answer 3. At each turn,
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Table 1: Retrieval SDK. Primitives exposed to the policy for constructing retrieval programs.

Primitive Description

sparse_retrieval (g, top_k) Retrieve a ranked list of documents using lexical matching
dense_retrieval (g, top_k) Retrieve a ranked list of documents using semantic similarity
fuse (xlists) Fuse ranked lists using reciprocal-rank fusion

dedup (docs) Remove duplicates while preserving their first occurrence
rerank (q, docs, top_k) Rerank documents with respect to ¢ and retain the top-k

the model can issue a search or, when it has sufficient information, terminate by producing an answer.
In the conventional setting, a search action contains a textual query ¢;, and the environment applies a
fixed retrieval function F', resulting in an observation o, containing external evidence:

oy = Flg; 2, C). M
The observation is appended to the model context before the next turn.

The policy can learn when to search and how to formulate queries, but F', including its retriever,
candidate breadth, post-processing, and returned context, is generally fixed across questions in
existing methods. Training typically uses a verifiable outcome reward R(g, ) (z)), such as exact
match for standard open-domain QA tasks (Jin et al., 2025). Some approaches additionally reward
the quality of retrieved documents to provide denser signals for learning (Luo et al., 2025b).

3.2 PROGRAMMABLE SEARCH

We introduce Retrieval Program Learning, a programmable interface in which the action is an
executable program composed of search primitives. Rather than issuing a single textual query to a
fixed retrieval function, the policy emits a program p; between <code> tags. A sandbox executes
the program against a retrieval SDK and returns its standard output as the observation:

o¢ = ProgExec(py; z,C). 2)

In contrast to the fixed function F' in Equation 1, which maps a single query ¢; to an observation,
pq specifies the retrieval procedure itself. A program can issue multiple retrieval calls with different
queries, operate on their intermediate results, and determine which results are exposed to the model.
Intermediate results are maintained in local program state across turns, while only content explicitly
printed by the program becomes o; and enters the model context.

The SDK provides primitives for operations such as dense

and sparse retrieval, fusion, and reranking. Our implementa-

tion uses a small set of primitives (Table 1), but the interface _f = fuse (dedup(D_s, D_d))

can naturally be extended with additional operations, such as | P—* = rerank(qr, D_f, top_k=5)
. . q- . .. print (D_r([:3])

metadata filtering and specialized retrievers. The primitives

operate on shared program state, allowing the policy to com-

pose them into procedures. For example, Figure 2 illustrates

a program that retrieves candidates using complementary re-

trievers with different queries, fuses and reranks their results,

and exposes only three documents to the model. Ordinary

Python constructs such as variables, loops, conditionals, sorting, set operations, and arithmetic can

also be used to process retrieved candidates before returning an observation.

sparse_retrieval (gq_s, 10)
dense_retrieval (g_d, 10)

O o o
O w
o

Figure 2: Example program. A re-
trieval program can use multiple re-
trievers and selectively expose inter-
mediate results to the model.

The resulting interface decouples candidate breadth, the number of documents retrieved, from context
size, the amount of content ultimately exposed to the model. A program can therefore retrieve broadly,
combine and process many candidates, while exposing only a small amount of most relevant evidence
to the model. For tasks that require aggregating information across many documents, this separation
allows the program to process a large candidate set and return only an aggregate result, such as a
list of identifiers, without exposing the underlying documents. More broadly, this interface enables
retrieval procedures that cannot be expressed by a single retriever or a fixed retrieval pipeline.

3.3 EXPLORATION VIA PROGRAM MUTATION

Programmability expands the space of retrieval strategies, but it can make effective programs harder
to discover through on-policy exploration alone. We introduce program mutation, a structured search
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Algorithm 1 Reinforcement Learning for Programmable Search

Require: Dataset D, retrieval corpus C, policy my, mutation interval N, mutation operator U
1: for each training step s do
2: Sample batch of questions {z;}2, ~ D
Generate trajectories {7; ~ mg(- | 7;)} 2,
Update 7y using an RL algorithm with verifiable rewards
if mutation is enabled and s mod N = 0 then
Collect suboptimal trajectories S from recent rollouts
for each 7 € S do
Generate a mutation p’ of the last retrieval program in 7
9: Execute p’ to verify retrieved evidence and continuation
10: Add verified variants to Dy,
11: Fine-tune mg on Dyt
12: return 7y

AN AN

procedure for discovering useful retrieval structures from suboptimal programs. Given a program
p sampled during RL, a typed grammar defines a set of valid mutations U/ (p), each modifying the
retrieval structure while preserving the queries in the original program. Specifically, mutations make
localized changes such as replacing a retriever or increasing candidate breadth, subject to the grammar
constraints. Mutation is restricted to the final retrieval turn, since modifying an earlier turn could
invalidate subsequent actions and require replaying the remainder of the trajectory.

We execute each mutated program against the same question and corpus and verify whether it retrieves
sufficient evidence. For variants that pass this check, we splice the mutated program and its execution
output into the original trajectory and resample the model continuation. All retrieval-verified variants
are included in the training dataset:

Dmut = {(xap/ay/) |p/ € u(p)a eret(p,) = ]-}7 (3)

where V. verifies sufficient retrieved evidence and 3/ is the resampled continuation. We further
verify the correctness of 3’ to determine whether its answer span should be supervised or masked
during training. Thus, variants with incorrect answers can still provide supervision for their verified
program structures. Mutation provides training trajectories containing structures that the policy has
not necessarily discovered through direct on-policy sampling. See Appendix B for more details.

3.4 REINFORCEMENT LEARNING FOR PROGRAMMABLE SEARCH

We train the policy with RL using verifiable rewards. At each iteration, the policy generates multi-turn
search trajectories and receives rewards based on the final answer and, where applicable, the quality of
retrieved evidence. The policy is then updated from these trajectories using a standard RL algorithm.
When mutation is enabled, we periodically collect suboptimal programs from recent rollouts and
generate local variants. Verified variants are converted into trajectories and used for a brief supervised
fine-tuning stage. The updated policy then resumes RL.

More concretely, the overall procedure alternates between RL training and, when enabled, program
mutation and distillation:

1. Explore: Generate search trajectories and optimize the policy with RL.
2. Mutate: Collect suboptimal programs and generate verified variants.

3. Distill: Fine-tune the policy on trajectories consisting of the verified programs.

The mutation stage is not required for RL training and can be omitted when the policy already
explores effective program structures. Its role is to provide additional experience with program
structures that are difficult to discover through direct on-policy sampling. Query formulation and
final policy optimization remain the responsibility of RL.
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4 EXPERIMENTAL RESULTS

4.1 SETUP

Datasets. We evaluate RPL in two complementary settings: open-domain QA and corpus-
level reasoning. For open-domain QA, we consider both single-hop datasets—Natural Questions
(NQ) (Kwiatkowski et al., 2019), TriviaQA (Joshi et al., 2017), and PopQA (Mallen et al., 2023)—and
multi-hop datasets—HotpotQA (Yang et al., 2018), 2WikiMultiHopQA (2Wiki) (Ho et al., 2020),
MuSiQue (Trivedi et al., 2022), and Bamboogle (Bamb) (Press et al., 2023). For corpus-level rea-
soning, we consider GlobalQA (Luo et al., 2025a), a benchmark designed to evaluate reasoning
over a document corpus. It contains counting, sorting, top-%, and extremum questions that require
aggregating information across documents rather than retrieving a single answer-bearing passage.
For example, some questions ask for the most recent documents with specified attributes.

Baselines. On open-domain QA, we compare against non-retrieval inference, retrieval-based infer-
ence, and training-based search methods. For non-retrieval inference, we consider direct inference and
Chain-of-Thought (CoT) reasoning. For retrieval-based inference, we consider RAG, IRCoT (Trivedi
et al., 2023), and Search-ol (Li et al., 2025). For training-based search, we compare against R1-style
training (Guo et al., 2025), Search-R1 (Jin et al., 2025), and AutoRefine (Shi et al., 2025). See
Appendix A.2 for comparisons with additional training-based methods. On GlobalQA, we consider
MARAG-RI1 (Luo et al., 2025b), a multi-tool agent with semantic search, keyword search, filtering,
and aggregation that reports state-of-the-art performance on the benchmark.

Training and evaluation. In our main experiments, we use the 4B and 8B variants of Qwen3 (Yang
et al., 2025). For retrieval, we use BM25 (Robertson et al., 1994) and E5 (Wang et al., 2022) as
sparse and dense retrievers, respectively, with dense retrieval used by default for methods that use
a single retrieval mode. The SDK we provide for RPL consists of the primitives listed in Table 1,
including both retrievers, reranking with Qwen3-Reranker-4B (Zhang et al., 2025), reciprocal-rank
fusion (RRF), and deduplication using standard Python operations. We enable thinking mode for
inference-based methods and disable it for training-based ones, choosing the mode that performs
better for each setting. See Appendix A.3 for a comparison of the two modes.

For open-domain QA, we use the 2018 Wikipedia snapshot (Karpukhin et al., 2020) as the document
corpus. Following prior work, we train on the NQ and HotpotQA training sets and evaluate on the
held-out test sets of all seven QA benchmarks, reporting exact match (EM) after standard answer
normalization (Jin et al., 2025). For GlobalQA, we use the corpus provided with the benchmark and
evaluate both final answer and retrieval quality. We use F1 to measure the overlap between predicted
and reference answer document IDs, and document-coverage F1 to measure the coverage of relevant
documents retrieved by the model. We apply the program mutation procedure to open-domain QA
tasks. See Appendix C for additional implementation details.

4.2 MAIN RESULTS

Open-domain question answering. Table 2 compares RPL with a range of retrieval and reasoning
baselines across open-domain QA benchmarks. RPL achieves the best average performance with
both Qwen3-4B and Qwen3-8B, attaining 0.515 and 0.531 EM, respectively. Among inference-based
baselines, direct inference performs poorly, while CoT yields modest gains. Qwen3-8B consistently
outperforms Qwen3-4B, indicating that increased model capacity and reasoning ability provide some
benefit even without external information. Retrieval further improves performance: RAG outperforms
CoT, while IRCoT and Search-ol further improve upon RAG by interleaving multiple retrievals.
However, Search-o1’s strategy of providing concise information does not yield notable improvements
over IRCoT in this setting. In comparison, R1 remains substantially behind retrieval-based methods,
highlighting the importance of external evidence for these tasks.

RPL consistently outperforms the retrieval-augmented RL methods Search-R1 and AutoRefine,
improving average EM by 9.8% and 11.5% for Qwen3-4B, and by 7.5% and 9.0% for Qwen3-8B,
respectively. Notably, Qwen3-4B trained with RPL outperforms all Qwen3-8B baselines. The
improvements are largely consistent across individual benchmarks, spanning both in-domain and
out-of-domain datasets, indicating that RPL’s learned retrieval programs generalize across tasks. The
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Table 2: Evaluation across open-domain QA benchmarks. Exact-match accuracy on single-hop and
multi-hop QA benchmarks. RPL achieves the best overall performance, with broadly consistent gains
across individual benchmarks. T and * denote in-domain and out-of-domain datasets, respectively.

Single-Hop QA Multi-Hop QA
Methods Avg
NQ'  TriviaQA* PopQA* HotpotQAT 2Wiki* MuSiQue* Bamb*

Qwen3-4B

Direct 0.142 0.362 0.138 0.170 0.261 0.026 0.072  0.167
CoT 0.161 0.417 0.156 0.186 0.242 0.036 0304 0215
RAG 0.319 0.589 0.389 0.243 0.140 0.065 0.208  0.279
IRCoT 0.316 0.574 0.372 0.292 0.229 0.133 0.456  0.339
Search-ol  0.285 0.547 0.354 0.283 0.226 0.122 0.400 0317
R1 0.243 0.463 0.184 0.218 0.291 0.060 0.288  0.250
AutoRefine  0.499 0.650 0.467 0.472 0.417 0.217 0512  0.462
Search-R1  0.507 0.663 0.475 0.481 0.452 0.209 0.496  0.469
RPL 0.536 0.701 0.517 0.539 0.491 0.258 0.560  0.515
Qwen3-8B

Direct 0.183 0.465 0.173 0.196 0.253 0.041 0.088  0.200
CoT 0.200 0.522 0.189 0.226 0.278 0.055 0376  0.264
RAG 0.337 0.612 0.389 0.302 0.200 0.071 0312 0317
IRCoT 0.287 0.556 0.335 0.301 0.227 0.135 0.400  0.320
Search-ol  0.269 0.543 0.361 0.294 0.237 0.126 0.400 0318
R1 0.301 0.569 0.229 0.263 0.308 0.083 0360  0.302
AutoRefine  0.512 0.679 0.484 0.503 0.500 0.234 0.496  0.487
Search-R1  0.523 0.680 0.491 0.503 0.486 0.230 0.544  0.494
RPL 0.548 0.716 0.531 0.555 0.547 0.282 0.536  0.531

Table 3: Evaluation on GlobalQA. F1 measures the overlap between predicted and reference answer
document IDs, while dF1 measures document coverage of relevant retrieved evidence. RPL achieves
the most competitive overall performance, with particularly strong gains on Qwen3-8B.

TopK Count Sort MinMax Avg
Methods
Fl1 dF1 F1 dF1 Fl1 dF1 F1 dF1 F1 dF1
Qwen3-4B
RAG 497 12.80 040 1386 845 11.68 323 1291 427 1281
IRCoT 430 1276 1.11 13.84 507 13.07 249 1291 324 13.14

Search-R1 19.89 2020 546 2039 2478 19.62 1194 1897 15.52 19.80
MARAG-R1 1452 2651 6.05 2636 2354 27.59 1095 2571 13.76 26.54

RPL 17.07 26.87 5.12 2655 24.54 28.14 1493 2692 1541 27.12
Qwen3-8B

RAG 430 12.80 1.03 13.86 7.10 11.68 498 1291 435 1281
IRCoT 5.65 1293 093 15.17 448 12.60  3.98 12.63 3.76 13.33

Search-R1 17.57 20.18 522 19.57 26.00 1971 995 1891 14.69 19.59
MARAG-R1 15.19 2448 2.79 24770 21.11 25.29 10.95 2522 1251 2492
RPL 19.22  31.09 5.12 3153 29.54 31.75 1642 30.82 17.57 31.30

gains are particularly pronounced on multi-hop benchmarks such as HotpotQA, 2WikiMultiHopQA,
and MuSiQue. This suggests that executable retrieval programs are particularly effective for questions
requiring multi-step evidence gathering.

Corpus-level reasoning. Table 3 evaluates retrieval methods on GlobalQA, where answering a
question requires aggregating information across a document corpus. RPL achieves the highest
document-coverage F1 (dF1) for both models, with gains up to 25.6% over the strongest baselines.
The gap is particularly substantial for Qwen3-8B, where RPL markedly outperforms both Search-R1
and MARAG-R1. For answer F1, RPL achieves the best average performance, improving over
Search-R1 and MARAG-R1 by 40.4% and 19.6%, respectively, while remaining competitive for
Qwen3-4B. Across the individual TopK, Sort, and MinMax tasks, Qwen3-8B with RPL achieves
the highest answer F1 on each task. Interestingly, RPL also benefits more from increased model
scale: average F1 and dF1 improve from 4B to 8B, whereas Search-R1 and MARAG-R1 show little
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Figure 3: Effect of program mutation on RL training. Held-out EM for Qwen3-4B (left) and
Qwen3-8B (right), with program mutation applied at step 200. Solid: RL resumed after distilling on
verified program mutations. Dashed: continuous RL from the same checkpoint.

Table 4: Performance and retrieval action space. Performance under progressively richer retrieval
interfaces for Qwen3-4B and Qwen3-8B. Dense: dense retrieval only; Dual: sparse and dense
retrieval; SDK: full retrieval SDK; PM: program mutation applied on top of the SDK setting.

Single-Hop QA Multi-Hop QA
Methods Avg
NQf  TrivQA* PopQA* HotpotQAT  2Wiki* MuSiQue* Bamb*

Qwen3-4B

RPL (Dense) 0.504 0.656 0.476 0.481 0.475 0.204 0.512 0473
RPL (Dual) 0.502 0.670 0.487 0.501 0.471 0.199 0.512 0478
RPL (SDK)  0.516 0.684 0.510 0.517 0.463 0.230 0488  0.487
RPL (PM) 0.536 0.701 0.517 0.539 0.491 0.258 0.560  0.515
Qwen3-8B

RPL (Dense) 0.514 0.685 0.486 0.498 0.446 0.236 0.528 0.485
RPL (Dual) 0.513 0.688 0.494 0.507 0.472 0.225 0.536  0.491
RPL (SDK)  0.522 0.711 0.518 0.547 0.521 0.282 0.552 0.522
RPL (PM) 0.548 0.716 0.531 0.555 0.547 0.282 0.536  0.531

change. This result suggests that the additional flexibility of programmable search provides structural
advantages that more capable models can better leverage to design more effective retrievals. Beyond
accuracy, RPL allows the model to retrieve and process broad candidate sets without exposing all
retrieved content to the context. We analyze this separation between retrieval breadth and context
consumption in Section 4.3.

4.3 ANALYSIS

Exploration and program mutation. Figure 3 shows held-out EM on NQ and HotpotQA as
a function of total RL steps for both Qwen3 models, comparing RL-only training with program
mutation applied once at step 200. Distillation from the mutated programs yields a notable immediate
improvement that persists throughout subsequent training. Prior to any further RL training, the
4B policy is already ahead by 1.6 EM on NQ and 2.1 EM on HotpotQA, reflecting the benefit of
supervision on the mutated programs alone. Continued RL maintains this advantage while further
widening the gap: at the final step, the 4B policy with program mutation reaches 0.536 on NQ and
0.539 on HotpotQA, compared with 0.516 and 0.517 for RL-only, corresponding to gains of 3.9%
and 4.3%, respectively. The average gaps over the interval are 1.7 and 2.3 EM. The effect remains
positive at 8B, with gains of 5.0% and 1.5% at the final step and average gaps of 1.0 and 0.6 EM on
NQ and HotpotQA, respectively. Although the two conditions briefly cross around steps 600-700,
the mutation run again surpasses the RL-only run toward the end of training. Notably, the gap at step
1000 exceeds that at step 200 for both models and datasets, suggesting that subsequent RL can further
build on the initial benefit from program mutation.
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Figure 4: Retrieval and training efficiency on GlobalQA. Context consumption denotes the number
of tokens entering the model context, retrieval turns the number of search turns, and training time the
number of seconds per step. Values are normalized to the midpoint of RPL’s min—max range, with
annotations showing the raw ranges. By composing search primitives and controlling what enters the
model context, RPL substantially reduces context consumption and retrieval turns.

Retrieval action space and performance. Table 4 summarizes the effect of progressively expand-
ing the retrieval action space on open-domain QA performance. Allowing both sparse and dense
retrieval provides a small overall improvement over dense-only retrieval, with more notable gains
on some multi-hop tasks. In comparison, exposing the full retrieval SDK provides a more notable
improvement: relative to the dual retriever setting, the average score increases by 1.9% for Qwen3-4B
and 6.3% for Qwen3-8B. Finally, program mutation further improves performance on top of the full
SDK, increasing the average by another 5.7% and 1.7% for 4B and 8B, respectively. This improve-
ment is broadly consistent across benchmarks, with the only exception being a modest decrease on
Bamboogle for 8B. Overall, these results suggest that a richer action space enables the model to
construct more effective retrieval pipelines, while program mutation facilitates its exploration and
helps identify stronger solutions.

Retrieval and context efficiency. Beyond answer quality, programmable search provides a more
efficient interface, decoupling broad retrieval from the amount of context exposed to the model. Fig-
ure 4 compares RPL with Search-R1 and MARAG-R1 on GlobalQA in terms of context consumption,
retrieval turns, and training time. Search-R1 and MARAG-R1 expose raw documents directly to the
model, coupling retrieval breadth to the amount of information placed in the context. In contrast, RPL
can retrieve and process a large candidate set while exposing only selected evidence to the model.
This separation allows RPL to achieve higher coverage with significantly less context consumption.
Programmability also reduces the interaction overhead of multi-step search. MARAG-R1 invokes
one operation per turn, requiring a separate generation and execution cycle for each tool call, whereas
RPL can compose multiple primitives into a single program executed within one turn. At convergence,
RPL uses 1.00-1.35 retrieval turns, compared with 3.01-3.35 for MARAG-R1 and 2.05-2.16 for
Search-R1. Combined with reduced context, this results in substantially lower training time: RPL
trains up to about 5.3x faster than Search-R1 and 1.8 x faster than MARAG-R1. Together, these
results demonstrate the structural advantages that RPL provides, which decouples evidence coverage
from context consumption while reducing the interaction overhead of multi-step search.

5 CONCLUSION

We present Retrieval Program Learning, a programmable search framework that allows agents to
compose search primitives into executable retrieval programs. By giving the policy control over
how retrieval operations are combined, intermediate results are processed, and evidence is exposed
to the model, programmable search expands the range of retrieval strategies that can be learned
beyond fixed pipelines and atomic tools. We show that this flexibility introduces a corresponding
exploration challenge and propose program mutation as a mechanism for providing experience
with useful program structures that are difficult to discover through on-policy RL alone. Across
open-domain question-answering and corpus-level reasoning tasks, our experiments demonstrate that
programmable search can improve answer accuracy while providing explicit control over evidence
coverage, context consumption, and execution resources used.
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improve readability. We reviewed all Al-assisted work, including LLM-generated text and code. We
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We provide details throughout the paper to facilitate reproduction of our work. Section 4 describes
the datasets, models, and evaluation protocols, while Appendix C provides further details about
data processing and the hyperparameters used for training and evaluation. All datasets used in our
experiments are publicly available and were processed according to the procedures described in the
paper. We will release the full source code for training and evaluation upon publication.
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Figure 5: Primitive adoption over RL training. Each curve shows the percentage of held-out
rollouts whose programs call sparse retrieval (blue) or reranking (orange) at least once. Panels vary
one factor at a time—model scale (left), training mixture (center), and input prompt (right)—with
line styles distinguishing the two conditions and the evaluation set held fixed within each.

A ADDITIONAL RESULTS AND ANALYSES

A.1 EXPLORATION ACROSS MODELS, DATA, AND PROMPTS

The programmable interface provides the policy with a set of search primitives, but does not require
it to use any particular composition. The retrieval strategies that emerge from RL therefore depend in
part on which regions of the program space the policy explores and which behaviors are subsequently
reinforced. We analyze this by examining the programs generated during training, recording the
fraction of held-out rollouts that invoke each primitive at least once. Figure 5 varies model scale,
training mixture, and prompt while holding the evaluation set fixed within each setting. We focus on
sparse retrieval and reranking, whose usage varies substantially across settings; dense retrieval, for
example, is used in over 99% of rollouts after step 200 in all settings.

Model scale strongly affects the breadth and dynamics of exploration. Before training, Qwen3-8B
already explores substantially more programs using sparse retrieval and reranking than Qwen3-4B.
RL further amplifies this difference: reranking disappears almost immediately for the 4B model,
while the 8B model initially explores, temporarily abandons, and eventually converges to programs
that use both primitives in nearly all rollouts. The smaller model stops exploring program structures
that use reranking early in training, before they can be sufficiently reinforced.

The training distribution affects which explored strategies receive sufficient reward to be reinforced.
The 4B model starts from broadly similar program distributions across the two training settings, but
NQ-only training quickly converges to a dense-dominant strategy. Adding HotpotQA instead causes
both sparse retrieval and reranking to become nearly ubiquitous, even when evaluated on the same
single-hop NQ questions. The mixture thus provides opportunities to discover and reinforce program
structures that are rewarded on some training examples and subsequently generalize to others.

Prompting also affects which program structures are explored initially. Although both prompts expose
the same primitives, their demonstrated program structures lead to different dynamics. The prompt
with a single focused example quickly converges to programs that use sparse retrieval and reranking
together, with their usage remaining nearly identical throughout training. The broader prompt instead
allows the two primitives to emerge more independently: reranking rises substantially before sparse
retrieval catches up, and both eventually become prevalent. The comparison suggests that broader
demonstrations can expand the region of program space explored by the policy, but can also make
early RL exploration less stable.

A.2 ADDITIONAL BASELINE COMPARISONS

To compare RPL with additional training-based search methods, we adopt the Qwen2.5 evalua-
tion setting of IG-Search. Specifically, we report the results for the existing methods, including
ReSearch (Chen et al., 2025), MR-Search (Xiao et al., 2026), GiGPO (Feng et al., 2026), and
IG-Search (Liang et al., 2026), directly from IG-Search and evaluate RPL with the same Qwen2.5
models. Program mutation is not used for these experiments.
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Table 5: Qwen2.5 across open-domain QA benchmarks. Exact-match accuracy on single-hop and
multi-hop QA benchmarks. RPL achieves the best overall performance, outperforming baselines on
six of the seven benchmarks. T and * indicate in-domain and out-of-domain datasets, respectively.

Single-Hop QA Multi-Hop QA
Methods Avg
NQ'  TriviaQA* PopQA* HotpotQAT 2Wiki* MuSiQue* Bamb*

Qwen2.5-3B

ReSearch  0.365 0.571 0.395 0.351 0.272 0.095 0.266  0.331
MR-Search  0.477 0.635 0.460 0.419 0.401 0.165 0344 0414
GiGPO 0.420 0.595 0.424 0.369 0.370 0.126 0.641  0.421
IG-Search  0.450 0.614 0.460 0.431 0.440 0.191 0.424 0430
RPL 0.504 0.677 0.513 0.497 0.474 0.228 0.432 0475
Qwen2.5-7B

MR-Search ~ 0.502 0.666 0.472 0.468 0.436 0.221 0.452  0.460
GiGPO 0.464 0.647 0.461 0.416 0.436 0.189 0.689 0472
IG-Search  0.490 0.665 0.495 0.480 0.445 0.215 0.560  0.479
RPL 0.529 0.700 0.509 0.541 0.523 0.269 0.560  0.519

Table 6: Thinking vs. non-thinking on open-domain QA. Each cell reports non-thinking (NT) /
thinking (T) performance. T denotes a degenerate interaction between Qwen3-8B’s NT mode and
multi-turn agentic prompting in which the model often loops until the token budget is exhausted.

Single-Hop QA Multi-Hop QA

Methods Avg

NQ TriviaQA PopQA HotpotQA 2Wiki MuSiQue Bamboogle
Qwen3-4B
CoT 0.146/0.161  0.382/0.417  0.147/0.156  0.183/0.186  0.233/0.242  0.043/0.036  0.248/0.304  0.197/0.215
RAG 0.207/0.319  0.537/0.589  0.349/0.389  0.221/0.243  0.149/0.140  0.047/0.065  0.176/0.208  0.241/0.279
IRCoT 0.299/0.316  0.527/0.574  0.376/0.372  0.256/0.292  0.211/0.229 0.090/0.133  0.264/0.456  0.289/0.339

Search-ol 0.335/0.285  0.554/0.547  0.382/0.354  0.270/0.283  0.197/0.226  0.084/0.122  0.232/0.400  0.293/0.317
Search-R1 0.507/0.499  0.663/0.662  0.475/0.460  0.481/0.484  0.452/0.395 0.209/0.205  0.496/0.512  0.469 / 0.460

Qwen3-8B

CoT 0.194/0.200 0.478/0.522  0.174/0.189  0.218/0.226  0.271/0.278  0.048/0.055 0.336/0.376  0.246/0.264
RAG 0.342/0.337  0.611/0.612  0.401/0.389  0.307/0.302  0.211/0.200  0.076/0.071  0.256/0.312  0.315/0.317
IRCoT T 0.060/0.287  0.181/0.556  0.110/0.335  0.121/0.301  0.060/0.227  0.039/0.135  0.072/0.400  0.092/0.320

Search-olt  0.054/0269  0.185/0.543  0.119/0361  0.106/0.294  0.040/0.237  0.033/0.126  0.064/0.400  0.086/0.318
Search-R1 0.523/0.505  0.680/0.682  0.491/0.484  0.503/0.489  0.486/0.443  0.230/0.217  0.544/0.528  0.494/0.478

As shown in Table 5, RPL achieves the highest average performance for both model sizes, reaching
0.475 and 0.519 EM, respectively. Compared with IG-Search, the strongest prior baseline by average
performance, RPL improves by 10.5% and 8.4% for Qwen2.5-3B and Qwen2.5-7B, respectively. The
improvements are broadly consistent across the individual benchmarks, with RPL achieving the best
performance on six of seven datasets for both model sizes. Bamboogle is the main exception, where
GiGPO performs substantially better; however, the dataset contains only 125 examples, considerably
fewer than the other benchmarks. These results provide additional evidence that the benefits of
programmable search extend across a broader range of language models.

A.3 EFFECT OF THINKING MODE

Table 6 summarizes results comparing non-thinking and thinking modes on the open-domain QA
benchmarks. Thinking generally improves average performance for the inference-based methods,
with the largest gains often on multi-hop tasks. For Qwen3-4B, thinking consistently improves
IRCoT on these tasks, with a particularly large gain on Bamboogle. For Search-o1, thinking slightly
reduces performance on single-hop tasks but improves performance on all multi-hop settings, again
with a particularly large gain on Bamboogle. CoT shows relatively modest changes, while RAG
exhibits somewhat larger gains, particularly on single-hop tasks. The substantial gains observed for
Qwen3-8B’s IRCoT and Search-o1 are largely due to a degenerate interaction between non-thinking
mode and multi-turn agentic prompting: these methods occasionally emit an unrequested closing
</think> token at the beginning of the response, leading to invalid search calls and repeated loops
until the token budget is exhausted.

In contrast, Search-R1, which is trained with retrieval, shows little benefit from thinking mode:
average performance is slightly lower in thinking mode for both models, with larger drops on several
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Retrieval Answer
Verification Verification

P
[Mutated Code #1]

def query_pipeline(): ° °
ret = sparse_retrieve(q, top_k=10)

clean = rerank(q’, ret, top_k=3)

P
[Model Code] [Mutated Code #2]
def query_pipeline(): def query_pipeline(): 0 0
ret = sparse_retrieve(q, top_k=5) ret = dense_retrieve(q, top_k=>5)
clean = rerank(q’, ret, top_k=3) clean = rerank(q’, ret, top_k=3)
P ———————— UL
[Mutated Code #3]

def query_pipeline(): 0 °
ret = dense_retrieve(q, top_k=10)

clean = rerank(q’, ret, top_k=5)

Figure 6: Illustration of program mutation. Given a suboptimal policy program, we generate
candidates according to a mutation grammar, retaining those that satisfy the verification criteria.

multi-hop tasks. We find that training with thinking leads the model to perform fewer searches per
rollout while spending substantially more tokens on reasoning, which can be particularly limiting
for multi-hop questions. Doubling the maximum reasoning length does not mitigate this issue;
instead, the model simply expands its reasoning to consume the additional token budget. Given these
results, we use thinking mode for inference-based methods and non-thinking mode for training-based
methods in our main evaluation.

B PROGRAM MUTATION DETAILS

We provide further details on the program mutation procedure introduced in Section 3.3. Mutation
searches for improved programs by making local, execution-verified edits to suboptimal programs
produced by the current policy, enabling more effective exploration of the retrieval program space.

B.1 MUTATION GRAMMAR

A retrieval program can be viewed as an ordered sequence of primitives and composition operations.
We apply mutation to the program in the last retrieval turn of a policy-generated rollout, as modifying
an earlier turn could invalidate downstream policy actions. Let p denote this program and @) the
distinct queries appearing in p. Mutation preserves the queries in @)~ and modifies only how retrieval
primitives are composed, isolating exploration to program structure while leaving RL free to optimize
both structure and query formulation. We construct candidate programs by independently choosing
one value along each of four axes:

query subset X  modality x  breadth X retention
~—_—— —— S~—— ——
Qr {dense,sparse,fuse} {3,5,10,20,50} {0,3,5,10,20}
When multiple queries are selected, each query is issued with the chosen modality configuration
and breadth, with reciprocal-rank fusion used to combine the resulting rankings. A candidate may

optionally apply reranking, retaining the chosen number of documents. All calls in a candidate share
a single breadth, making breadth a single decision rather than multiple independent decisions.

The mutation space is restricted to programs supported by the retrieval SDK. A candidate must also
issue at least one retrieval, fuse results when multiple calls are present, contain no duplicate calls, and
print no more documents than permitted by the observation budget. Thus, mutation operates over a
constrained space of executable programs rather than arbitrary textual edits to the policy’s code.

Candidate ordering. Among candidate programs, we prioritize those with smaller structural
distance from the policy’s program, comparing candidates lexicographically by the following criteria:

1. whether the modality configuration changed (dense, sparse, or fused)
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Algorithm 2 Program Mutation

Requlre policy 7, mutation yield threshold p
: Collect suboptimal trajectories S from recent RL rollouts
Generate retrieval-verified mutations R from &
if |R|/|S| < p then
Skip mutation and continue RL
Construct verified trajectories from R
Fine-tune 7y on the resulting trajectories

AN S

. whether a reranking step was added or removed
. whether a different subset of the policy’s own queries was used
. how many rungs the breadth moved on its ladder

W~ W N

. how many rungs the reranking width moved

Earlier criteria dominate later ones. For example, a candidate that preserves the modality and
reranking structure but changes breadth by one rung is preferred to one that changes modality at the
original breadth. Ties are broken by execution resources used.

B.2 CANDIDATE VERIFICATION AND DATA CONSTRUCTION

Candidate programs are verified in stages before constructing the final dataset for distillation. We
first evaluate each retrieval program to determine whether it surfaces sufficient evidence to answer
the question correctly. We then verify whether the model can correctly answer the question after
observing the results retrieved by the mutated program. For candidates that pass verification, we
construct trajectories for supervised fine-tuning (Figure 6).

Retrieval verification. Each candidate is executed against the same question and corpus as the
original rollout. A retrieval verifier V¢ determines whether the mutated program surfaces sufficient
evidence, using coverage of annotated supporting passages where available and otherwise checking
whether the retrieved text contains an acceptable answer. This serves as the first filter for candidate
programs, as it is model-free and substantially cheaper than resampling the model.

Answer verification. For each candidate that passes retrieval verification, we splice its actual
execution output into the original trajectory and discard all subsequent policy actions. We then
resample a continuation from my:

:[) ~ 7T9(' ‘ Z,a1,01, .- '7at7170t717pl7€(p/))7

where p’ is the mutated program and £(p’) is its retrieved evidence. An answer verifier Vs then
determines whether the regenerated output g contains a correct answer.

Trajectory construction. For each mutation that passes retrieval verification, we construct a
training trajectory

T = (1’7 A1,01,...,0t—1, Ot—lvplv g(p/)7 y)a
where ¢ is the continuation sampled during answer verification. Everything before the mutated
retrieval turn is copied unchanged from the original rollout. The resulting trajectory therefore
contains the mutated program, its actual execution output, and a model-generated continuation.
Mutations that pass retrieval verification but fail answer verification are also retained, allowing the
verified program to be supervised without the incorrect answer. We retain whether ¢ passed V5 as
metadata for subsequent supervision masking.

B.3 TRAINING WITH MUTATED PROGRAMS
We distill verified trajectories into the current policy before resuming RL. The goal is to expose the

policy to useful program structures while leaving RL free to optimize query formulation and further
adapt the program to individual questions.
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Table 7: Program mutation SFT hyperparameters.

Hyperparameter  Value

Training Epochs 1
Batch size 32
Optimization  Learning rate le-6
LR scheduler constant
Warm-up steps none
Weight decay 0.01

Gradient clipping 1.0

Supervision masks. We fine-tune 7y on the trajectories, masking the loss so that only selected
spans contribute. Injected environment observations are never supervised, while the repaired program
is always supervised. We retain every candidate that passes retrieval verification, including those
whose regenerated answer fails answer verification. For such trajectories, the answer span receives
no gradient, while the repaired program remains supervised. Thus, an incorrect regenerated answer
does not prevent a trajectory from teaching the policy a retrieval program that has been independently
verified to surface useful evidence.

RL with program mutation. We interleave program mutation with RL. After every IV RL steps,
we collect suboptimal programs from recent rollouts and generate the nearest mutation that passes
retrieval verification for each program. If the fraction of trajectories yielding such mutations falls
below some threshold, we skip mutation for that round and continue RL alone. Otherwise, we
construct the verified trajectories and distill the resulting mutations before resuming RL. In our
open-domain QA experiments, a single mutation round was generally sufficient, while a second round
often yielded too few candidates for training.

C EXPERIMENTAL DETAILS

Training and evaluation. We checkpoint open-domain QA runs every 50 steps and select the one
with the best average held-out accuracy on NQ and HotpotQA. For GlobalQA, we limit training to
500 steps, as some baselines take substantially longer to finish training due to the larger retrieval
space, and use the final checkpoint for evaluation.

For open-domain QA, we use exact-match accuracy for both training and evaluation. Given a set of
reference answers ) (z), the reward is

Rpv = 1{y € Y(x)},

where g is the model’s predicted answer. GlobalQA instead requires structured integer outputs based
on documents satisfying specified attributes: Count asks for the number of matching documents,
MinMax asks for a document ID, and Sort and TopK ask for lists of document IDs. We parse the
predicted and ground-truth answers as sets of integers and use set F1 to measure answer accuracy.
We additionally measure retrieval quality, comparing the documents retrieved throughout the rollout
with the corresponding ground-truth set of relevant documents. Let A and A* denote the predicted
and ground-truth answer sets, respectively, and let D and D* denote the retrieved and gold relevant
document sets, respectively. We define

Rans = F1 (A7 A*)a Rioc = Fl(D,D*).
The training reward combines answer correctness and document coverage:
Rtrain = Rans + /\Rdoc-

We use set F1 rather than the token-level F1 reported by prior work because it better matches the
structure of GlobalQA answers and is invariant to ordering and formatting. For document coverage, D
is the union of document IDs across all retrieval calls, providing the natural analogue of the D-F1 @20
metric for a policy that determines its own retrieval depth. Because the MARAG-R1 SFT dataset is
unreleased, we omit its tool-exploration reward, which requires expert trajectories. Accordingly, all
models in our experiments are trained with RL only.
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Table 8: Agentic search RL hyperparameters.

Hyperparameter Value
Algorithm RL algorithm GRPO
Epochs per rollout 1
KL coefficient 0.001
Discount factor 1.0
Training steps (open-domain QA) 1000
Training steps (GlobalQA) 500
Raoc’s A (GlobalQA) 0.5
Optimization  Learning rate le-6
LR scheduler constant
Warm-up steps 150
Weight decay 0.01
Gradient clipping 1.0
Rollout Train batch size 512
Mini-batch size 256
Samples per prompt 5
Temperature 1.0
Search Max turns 3
Per-turn max generation length 2048
Per-turn max observation length 2048

Hyperparameters. Tables 7 and 8 summarize the key hyperparameters for supervised fine-tuning
on program-mutation trajectories and agentic search RL training, respectively. Note that RL training
ran for 1,000 steps on open-domain QA and 500 steps on GlobalQA, with all other hyperparameters
kept consistent across the two settings.

Resources. All training runs used 8 xH100 GPUs. When reranking is required during training,
we used a separate 8 x H100 node to serve reranking requests. The reranker server uses multi-GPU
inference, request batching, and result caching to improve throughput and efficiency.

D PROMPT TEMPLATES

D.1 OPEN-DOMAIN QA

RPL open-domain QA prompt

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 write Python between <code> and </code> to search an external

knowledge corpus. The following functions are available (do not import any modules or

define or call any other function):

- dense_retrieval (query: str, top_k: int): semantic search; best for paraphrased or

conceptual questions (for example "what is", "who is", descriptions).

- sparse_retrieval (query: str, top_k: int): keyword search; best for exact names,

numbers, dates, rare terms, or quoted strings.

- fuse(xdoc_lists): merge several retrieved lists into one deduplicated, re-ranked list
(reciprocal rank fusion).

— dedup (docs) : remove duplicate documents from a single list.

- rerank (query: str, docs, top_k: int): reorder docs by relevance to the query with a

cross—encoder and keep the top_k. Use it to turn a large, noisy candidate set into a

short, focused one before reading.

Each retrieval returns a list of documents, each a dict with "title" and "text". Use

print(...) to display what you want to read, and the printed output will be returned

between <output> and </output>. A strong strategy is to retrieve broadly for recall (a

large top_k), then rerank down to the few most relevant documents so your context stays
focused and the answer is easy to find.

For a conceptual question, a small dense retrieval may be enough:

<code>

for i1, doc in enumerate (dense_retrieval ("what causes the aurora borealis", top_k=3)):
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print (f"Doc {i+1} (Title: {doc[’title’]}) {doc[’text’]}")

</code>

For an exact name, number, or rare term, use sparse_retrieval:

<code>

for i, doc in enumerate (sparse_retrieval ("Treaty of Westphalia 1648 signatories", top_k
=5)):

print (f"Doc {i+1l} (Title: {doc[’title’]}) {doc[’text’]}")
</code>
When a single retriever should surface the answer but its top hits are noisy, retrieve
broadly from it alone and rerank down:
<code>
docs = dense_retrieval ("what is the main cause of coral bleaching", top_k=20)
for i, doc in enumerate (rerank("what is the main cause of coral bleaching", docs, top_k
=3)):
print (f"Doc {i+1} (Title: {doc[’title’]}) {doc[’text’]}")
</code>
When the answer is hard to find, retrieve a LARGE candidate set from both retrievers,
then rerank to keep only the most relevant few:
<code>
candidates = fuse (dense_retrieval ("who wrote the novel Beloved", top_k=20),
sparse_retrieval ("Beloved novel author", top_k=20))
for i, doc in enumerate (rerank ("who wrote the novel Beloved", candidates, top_k=3)):
print (f"Doc {i+1} (Title: {doc[’title’]}) {doc[’text’]}")
</code>
For a multi-part or multi-hop question, decompose it into sub-queries, retrieve each,
fuse, then rerank against the full question to surface the documents that answer it:
<code>
results = []
for g in ["director of the film Inception", "birthplace of Christopher Nolan"]:
results.append (dense_retrieval (g, top_k=20))
results.append (sparse_retrieval (g, top_k=20))
for i, doc in enumerate (rerank ("where was the director of the film Inception born",
fuse (xresults), top_k=5)):
print (f"Doc {i+1} (Title: {doc[’title’]}) {doc[’text’]1}")
</code>
You can write code as many times as you 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> Seoul </answer>.

D.2 GLOBALQA

RPL GlobalQA prompt

Answer the given question about a document corpus. Each document has an integer "id".
Many questions ask you to COUNT the documents matching a criterion, or to find the
SMALLEST/LARGEST id, SORT the ids, or list the TOP-K ids among the matching documents
—-- so the answer is computed from the set of matching document ids. You must conduct
reasoning inside <think> and </think> first, then write Python between <code> and </
code> to search the corpus. The following functions are available (do not import any
modules or define or call any other function):

- dense_retrieval (query: str, top_k: int): semantic search; best for paraphrased or
conceptual criteria.
- sparse_retrieval (query: str, top_k: int): keyword search; best for exact skills,

titles, or rare terms.

— fuse(xdoc_lists): merge several retrieved lists into one deduplicated, re-ranked list
(reciprocal rank fusion).

— dedup (docs) : remove duplicate documents from a single list.

- rerank (query: str, docs: list, top_k: int): re-score documents against the query with
a cross—encoder and keep only the top_k most relevant; use it to drop non-matching

documents from a broad retrieval. The documents it keeps are the ones your answer is

computed from, so choosing top_k too small discards matches and makes a COUNT too low;

10, 20 or 50 are reasonable starting points.

Each retrieval returns a list of documents, best match first, each a dict with "id", "

title", "text", and "score". Scores are only comparable WITHIN one list -- fuse() re-

scores by rank, so its numbers are much smaller than a single retriever’s. Use print
(...) to display what you want to read; the printed output is returned between <output>
and </output>.

The answer depends on exactly the set of documents that match the criterion, so the

top_k you choose IS the answer set: too small and you miss matches, too large and

unrelated documents inflate a COUNT and corrupt a MinMax or SORT. There is no single

right value -- pick one that fits how many documents the question is likely to match,

for example 10, 20, 50, or 100. When you are unsure, retrieve a moderate top_k first,

print the titles to see where the results stop being relevant, then retrieve again with
an adjusted top_k before answering.

For a COUNT question, use len:
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<code>

candidates = fuse(dense_retrieval ("aviation QC inspector with in-process inspection
expertise", top_k=50), sparse_retrieval ("aviation quality control inspector in-process
inspection", top_k=50))

ids = {d["id"] for d in rerank("aviation quality control inspector with in-process
inspection expertise", candidates, top_k=20)}

print ("count:", len(ids)

</code>

For a SMALLEST/LARGEST question, use min or max over the ids:

<code>

docs = dense_retrieval ("candidates skilled in Dreamweaver and Revenue Cycle Advocate",
top_k=20)

ids = sorted({d["id"] for d in docs})
print ("smallest id:", ids[0], "largest id:", ids[-1]

</code>

For a SORT question, sort the matching ids:

<code>

candidates = fuse(dense_retrieval ("healthcare recruiters with full-cycle recruiting",

top_k=100), sparse_retrieval ("healthcare recruiter full cycle recruiting", top_k=100))
print (sorted ({d["id"] for d in rerank ("healthcare recruiters with full-cycle recruiting
", candidates, top_k=50)})

</code>

For a TOP-K question (for example the 2 smallest ids), sort then slice:
<code>

docs = dense_retrieval ("mainframe programmer or COBOL developer", top_k=30)

ids = sorted({d["id"] for d in docs})

print ("top 2 smallest:", ids[:2]

</code>

You can write code as many times as you want. When you know the answer, give it inside
<answer> and </answer> as the number or the comma-separated ids, without detailed
illustrations. For example, <answer> 8 </answer> or <answer> 330, 493 </answer>.
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