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Abstract

Current retrieval-augmented generation (RAG)
methods struggle with complex multi-hop
reasoning, relying on unstructured semantic
matching that lacks the logical structure needed
to systematically guide retrieval. We introduce
Programmatic Retrieval Optimization with
Generative Reasoning and Augmented Multi-
queries (PROGRAM), a novel framework that
elevates retrieval to structured, program-guided
reasoning. PROGRAM treats retrieval as exe-
cution of specific program types, such as log-
ical, temporal, causal, and so forth, through
three stages of ‘Program-Type Selection’ with
dual-metric optimization, ‘Iterative Active Pro-
gram Pruning’ with evidence accumulation,
and ‘Final Answer Generation’ with reranking.
Evaluated on five benchmarks including Hot-
PotQA, 2WikiMultihopQA, ARC-Challenge,
MMLU-Pro, and MedQA with various LLMs,
PROGRAM achieves state-of-the-art perfor-
mance with up to 24% relative improvement
on HotPotQA and 13.2% on MedQA over
strong baselines including FLARE, ProbTree
and Self-RAG. We release our code in our
https://github.com/lurker18/PROGRAM

1 Introduction

Retrieval-augmented generation (RAG) has
emerged as a foundational paradigm for address-
ing knowledge-intensive question answering (QA)
and complex reasoning tasks, where large language
models (LLMs) alone often struggle with temporal
knowledge and domain-specific expertise (Lewis
et al., 2020; Gao et al., 2023a). By dynamically re-
trieving relevant information from external knowl-
edge bases and integrating it into the generation
process, RAG systems have demonstrated sub-
stantial improvements across diverse benchmarks
(Yang et al., 2018; Ho et al., 2020; Wang et al.,
2024b; Jin et al., 2021). Recent advances in dense
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Figure 1: An illustration of programmatic retrieval op-
timization with generative reasoning and augmented
multi-queries from 2WikiMultihopQA with Mistral.

retrieval methods (Zhan et al., 2021) and query aug-
mentation strategies (Wang et al., 2023; Nogueira
et al., 2019) have further enhanced the retrieval
quality, enabling more accurate and contextually
grounded responses. However, as the complexity of
questions increases, the limitations of conventional
retrieval approaches become increasingly apparent.

Despite these advances, current retrieval strate-
gies, particularly those employed in Active RAG
methods such as FLARE (Jiang et al., 2023b)
and Self-RAG (Asai et al., 2024), remain funda-
mentally limited by their reliance on unstructured,
token-level confidence scores and generic semantic
matching mechanisms. While FLARE introduces
iterative retrieval triggered by low-confidence to-
kens and Self-RAG incorporates reflection tokens
for self-critique, both approaches lack a high-level
logical structure to systematically guide what and
how information should be retrieved. Specifically,
these methods treat retrieval as a homogeneous
similarity search process, failing to recognize that
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different question types such as causal comparison,
temporal reasoning, and argmax/argmin queries,
demand fundamentally distinct retrieval strategies.
For example, a question requiring ‘causal compari-
son’ necessitates retrieving evidence about multi-
ple cause-effect relationships and contrasting them,
whereas a ‘symptom analysis’ question requires
the diagnosis of the medical problem along with
its treatment plan. The gap between unstructured
semantic matching and the structured logical re-
quirements of complex questions represents a crit-
ical bottleneck in advancing retrieval-augmented
reasoning systems.

To address this gap, we introduce Programmatic
Retrieval Optimization with Generative Reasoning
and Augmented Multi-queries (PROGRAM), a
novel framework that elevates retrieval from un-
structured matching to structured, program-guided
reasoning. Figure 1 provides the illustration of
PROGRAM. Inspired by recent work on program-
matic reasoning (Chen et al., 2023; Gao et al.,
2023b), PROGRAM treats retrieval not as a generic
similarity search, but as the execution of spe-
cific program types such as ‘logical’, ‘temporal’,
‘causal’, etc. Our framework operates through
three main stages of ‘Program-Type Selection’ with
dual-metric optimization, ‘Iterative Active Program
Pruning’ with evidence accumulation, and ‘Final
Answer Generation’ with reranking. By structuring
retrieval as programmatic operations, PROGRAM
ensures that retrieved context is not only semanti-
cally relevant but also structurally coherent with
the underlying reasoning demands of knowledge-
intensive QA tasks.

Our main contributions are as follows:

* We propose PROGRAM, a framework that el-
evates retrieval from unstructured matching to
structured, program-guided reasoning, bridging
the gap between generic semantic search and log-
ical query requirements.

* We introduce a dual-metric combining informa-
tion gain and semantic score for candidate sub-
query selection and a statistical #-test pruning
mechanism to ensure only high-utility reasoning
paths are pursued to improve its retrieval quality.

e Our proposed framework achieves the state-
of-the-art performance on diverse benchmark
datasets across multiple LLM backbones con-
sistently outperforming baselines particularly in
tasks requiring complex reasoning.

* Our comprehensive ablation studies further vali-

date the effectiveness of each component of the
PROGRAM framework, demonstrating the criti-
cal role of programmatic structure in advancing
RAG for knowledge-intensive reasoning tasks.

2 Related Work

Adaptive and Iterative Retrieval Strategies Stan-
dard RAG models often retrieve information once
before generation, which is insufficient for complex
queries (Lewis et al., 2020). Recent advancements
have shifted toward iterative and adaptive retrieval
paradigms. FLARE (Jiang et al., 2023b) introduced
an active strategy that triggers retrieval only when
the generation probability of low-confidence to-
kens falls below a threshold. Building on this, Self-
RAG (Asai et al., 2024) trains a critic model to
generate “reflection tokens” that evaluate the rele-
vance and utility of retrieved passages.

More recently, research has focused on adapt-

ing the retrieval strategy to the complexity of the
query. Adaptive-RAG (Jeong et al., 2024) utilizes a
complexity classifier to dynamically select between
iterative, single-step, or no-retrieval strategies, op-
timizing efficiency without sacrificing accuracy.
Similarly, Unified Active Retrieval (UAR) (Cheng
et al., 2024) introduces a standardized criteria set
for determining when to retrieve, addressing di-
verse user instructions. While these methods intro-
duce dynamism, they largely rely on token-level
confidence or generic complexity classifiers. In
contrast, our proposed PROGRAM utilizes a more
rigorous statistical support score mechanism to it-
eratively prune ineffective retrieval paths, ensuring
that only statistically significant evidence accumu-
lates.
Structured Reasoning and Query Decomposi-
tion To handle complex reasoning tasks, methods
like Chain-of-Thought (CoT) (Wei et al., 2022)
prompting encourage models to articulate inter-
mediate steps. However, CoT prompting alone
often struggles with faithful evidence grounding.
Least-to-Most Prompting (Zhou et al., 2023) and
Tree-of-Thoughts (ToT) (Yao et al., 2023) ad-
vanced this by decomposing problems into sub-
questions or exploring reasoning paths as a search
tree. TRACE (Fang et al., 2024) further extends
this by constructing “knowledge-grounded reason-
ing chains”, where each link in the chain is explic-
itly connected to a knowledge triple.

Despite their success, these decomposition meth-
ods often treat all reasoning steps as equal. Our
proposed PROGRAM differs by categorizing rea-



soning steps into explicit program-types, allowing
for distinct optimization strategies tailored to the
specific logical nature of each sub-query.
Programmatic and Tool-Augmented Generation
A stream of research seeks to decouple reasoning
from computation by binding LLMs to executable
programs. Program-of-Thoughts (PoT) (Chen et al.,
2023) delegates computation steps to an external
Python interpreter to avoid calculation errors in
numerical reasoning. Similarly, DSPy (Khattab
et al., 2024) treats language model interactions as
declarative modules that can be compiled and opti-
mized into pipelines. StructRAG (Li et al., 2025)
also attempts to structure scattered knowledge into
organized formats before generation.

Our proposed PROGRAM synthesizes the ben-
efits of these programmatic approaches with iter-
ative retrieval. Unlike PoT, PROGRAM applies
“programmatic thinking” to the retrieval process
itself. By defining retrieval as a set of logical oper-
ations, we ensure that the retrieved context is struc-
turally aligned with the reasoning requirements of
the original question, bridging the gap between
unstructured RAG and structured logic.

3 Methods

We propose PROGRAM framework designed
to optimize query formulation through program-
based reasoning. Our goal is to identify the optimal
program-type query that best retrieves documents
relevant to the original query (). As illustrated
in Figure 2, the framework operates in three dis-
tinct stages of (1) Program-Type Selection (PTS)
with dual-metric optimization, (2) Iterative Active
Program Pruning (IAPP) with evidence accumula-
tion, and (3) Final Answer Generation (FAG) with
reranking. Detailed algorithm is in Appendix B.
3.1 Program-Type Selection

Given an input question ) and a Knowledge
Base K, the framework first interprets the query
through diverse logical perspectives by selecting
the most applicable reasoning structures.

Instead of relying on a static set of reasoning
paths, we instruct the LLM M to select as many
relevant program types as needed from a predefined
library. As summarized in Table 1, this library is or-
ganized into two groups, ‘Basics’ and ‘Advanced’,
to accommodate different levels of query complex-
ity. The Basics category covers fundamental rea-
soning operations, while the Advanced category
addresses more complex, specialized, and domain-
specific reasoning requirements.

Table 1: Program-types categorized into ‘Basic’ and
‘Advanced’.

Category Program-Types
Simple Fact / ArgMax / ArgMin

Basic Logical (AND) / Logical (OR) / Causal
Comparison / Temporal / Count / Filter
Multi-hop / Entity-Linking / Relation Extraction
Bridge Entity / Diagnosis / Symptom Analysis
Treatment Reasoning / Medical Condition
Advanced

Domain-Specific / Multi-Task / Causal Chain
Scientific Reasoning / Knowledge Integration
Analogical Reasoning / Hypothesis Testing

Once the relevant set of program types Pgejected
is identified, the LLM generates multiple candidate
sub-queries C; = {c1,...,cpr} for each program
Pi € Pseiected- To ensure that the sub-query chosen
for retrieval is high-quality, we evaluate each candi-
date using two metrics of Information Gain (S7g)
and Semantic Score (Ss¢,,) respectively. Informa-
tion Gain measures the utility of a candidate query
c¢;j using Kullback-Leibler (KL) Divergence (Kull-
back and Leibler, 1951) to quantify the “new” infor-
mation it contributes to (P(E|c;, p;)) relative to the
program type alone (P(F|p;)), where E denotes
evidence. Semantic Score (Zhang et al., 2020) mea-
sures the semantic alignment of the candidate query
c; to the original question () to ensure the optimiza-
tion does not drift from the user’s intent. These
metrics are summed to compute a final candidate
score:

¢" = argmax, ¢, (S1c(cj) + Ssem(Q, ¢;)) (1)

The candidate ¢* that maximizes the score is final-
ized as the optimal sub-query, as it best balances
semantic relevance to the original question () with
the ability to retrieve richer contextual information
under program type p;.

3.2 [Iterative Active Program Pruning

With the optimal sub-queries established for
each program type p;, we enter an iterative retrieval
and refinement loop. This stage aims to filter out
ineffective reasoning paths while deepening the
search for promising ones.

For every finalized sub-query ¢;, we retrieve
an initial set of documents D{““™ from K. We
establish a baseline for relevance by calculating
the ‘Support Score’ (Sgyp), Which measures the
semantic similarity between the representative sub-
query ¢; and its retrieved documents D{“““™ us-
ing a pretrained language model (e.g., MiniLM-
L6-v2 (Wang et al., 2020), MPNet (Song et al.,
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Figure 2: Overall process of the proposed PROGRAM framework.

2020)). The following equation computes the ‘Sup-
port Score’ (Ssyp):

Ssup(pi) = Sim(gi, D) 2)

The refinement process iterates through ¢ = 1 to
T steps. We analyze the distribution of Support
Scores across all current programs. We employ
a statistical #-test to determine if a program’s re-
trieval quality is statistically significant compared
to the group mean. Programs that fail to meet the
minimum threshold are eliminated. The programs
that survive this pruning are designated as ‘Active
Programs’. Functionally, an Active Program rep-
resents a reasoning path that has been empirically
validated by the retrieved evidence, distinguishing
effective retrieval strategies from those that merely
introduce noise. This distinction ensures that the
framework adapts its logic to the actual data dis-
tribution rather than relying on static, potentially
irrelevant reasoning structures.

For each Active Program, the LLM evaluates the
accumulated documents to determine if sufficient
information has been retrieved to answer the origi-
nal question (). If the LLM determines that more

information is needed, more documents for each
Active Program based on each optimal sub-query
are retrieved and accumulated. In contrary, if the
model deems the evidence sufficient, the program
is ‘locked’. It is preserved in the active set but
requires no further retrieval operations. The pro-
cedure iterates until either the maximum number
of iterations (7") is reached, or only a single Active
Program remains.

3.3 Final Answer Generation

Upon completing the iteration stage, we aggre-
gate the evidence to synthesize the final answer
A. We collect all accumulated retrieved documents
from the remaining Active Programs including both
running and ‘locked’ programs to form a final ev-
idence pool, D;pq. To eliminate noise and re-
dundancy, we employ a reranker model to reorder
D ¢nq based on relevance to the original question
Q). We select the top-k most relevant documents
from this reranked list.

Dreranked = Rerank(pfinal; Q) (3)

Finally, these top-k documents are fed into the an-
swer generator. We utilize a few-shot CoT prompt-



ing strategy to reason through the optimized evi-
dence and generate the final answer.

A= MCoT(Q: Dre'ranked) (4)
4 Experimental Setup

4.1 Datasets and Baselines

We evaluated PROGRAM on various bench-
mark datasets spanning diverse reasoning regimes
including multi-hop (HotpotQA (Yang et al.,
2018), 2WikiMultihopQA (Ho et al., 2020)), com-
monsense (ARC-Challenge (Clark et al., 2018)),
scientific (MMLU-Pro (Wang et al., 2024b)),
and biomedical (MedQA (Jin et al., 2021)) do-
mains. Following prior state-of-the-art (SOTA)
work (Shao et al., 2023; Wang et al., 2024a), we
evaluated on the first 500 questions of each dataset,
using the development splits for multi-hop datasets
and the test splits for commonsense, scientific, and
biomedical datasets. For retrieval, we used the Gen-
eralized Text Embeddings (GTE) (Li et al., 2023)
model as our retriever. The knowledge base for
multi-hop, commonsense, and scientific tasks is
built from the 2017 Wikipedia abstract dumps, fol-
lowing the implementation of Khattab et al. (2024),
while biomedical experiments use a PubMed ab-
stract corpus constructed by Xiong et al. (2024).
We compared PROGRAM against a suite of strong
retrieval-based baselines including IRCoT (Trivedi
et al., 2023), FLARE (Jiang et al., 2023b), Prob-
Tree (Cao et al., 2023), Self-RAG (Asai et al.,
2024), and SeaKR (Yao et al., 2025).

4.2 Backbones and Rerankers

To evaluate of our method, we used four
instruction-tuned LLMs of GPT-40-mini!, Gemma-
2-9B (Riviere et al., 2024), Qwen-2.5-7B (Yang
et al., 2024), and Mistral-Small-24B (Jiang et al.,
2023a). For retrieval reranking, we explore three
types covering different efficiency—quality trade-
offs of BGE-large-en-v1.5 (Xiao et al., 2024) as an
efficient Bi-Encoder baseline, ColBERTvV2 (San-
thanam et al., 2022) as a late-interaction model bal-
ancing speed and granularity, and GTE-Reranker-
ModernBERT-Base (Li et al., 2023) as a Cross-
Encoder that targets maximal semantic relevance
at higher computational cost.

5 Opverall Results of PROGRAM

PROGRAM establishes a new state-of-the-art
on knowledge-intensive reasoning, particularly by

1https://platform.openai.com/docs/models/
gpt-4o-mini

acting as a “logic scaffold” for smaller architec-
tures like Gemma-2-9B-Instruct and GPT-40-mini.
As shown in Tables 2, on HotPotQA, the substan-
tial 24.0% F1 gain over Self-RAG underscores the
superiority of structured intent over unstructured re-
flection; this efficacy extends to proprietary models
as well, where PROGRAM enables GPT-40-mini to
achieve a dominant 64.2% F1, setting the absolute
ceiling for the task among all evaluated backbones
in Table 3. While Self-RAG relies on scalar con-
fidence tokens that may fail to capture semantic
nuance, PROGRAM’s explicit logical sub-queries
(e.g., ‘temporal’, ‘causal’) enforce a rigorous re-
trieval path that prevents the reasoning drift typical
in standard CoT or token-level critiques.

Beyond standard multi-hop datasets, PRO-
GRAM demonstrates exceptional domain adapt-
ability compared to uncertainty-based baselines
like SeaKR and tree-search methods like ProbTree.
On the ARC-Challenge with Qwen-2.5-7B in Ta-
ble 4, PROGRAM achieves a remarkable 92.6% ac-
curacy, significantly outperforming SeaKR (79.0%)
and ProbTree (88.8%). This performance differen-
tial highlights that while SeaKR’s internal uncer-
tainty metrics effectively capture when to retrieve,
they lack the structural guidance on what to re-
trieve for commonsense reasoning. Furthermore,
on specialized biomedical tasks like MedQA in Ta-
ble 5, PROGRAM with Mistral-Small-24B attains
82.4% accuracy which surpasses the ProbTree by
nearly 10 points. This confirms that our “Advanced”
program types (e.g., ‘Diagnosis’, “Treatment Rea-
soning’) successfully bridge the gap between gen-
eralist LLM capabilities and domain-specific rigor,
a feat that unstructured, confidence-driven active
retrieval methods like FLARE struggle to replicate
without explicit structural decomposition.

Finally, PROGRAM proves to be a highly effi-
cient reasoning amplifier for smaller open-source
models. On the comprehensive MMLU-Pro bench-
mark, PROGRAM enables the Gemma-2-9B model
to achieve 60.2% accuracy, effectively matching or
exceeding the performance of significantly larger
architectures using standard RAG approaches. This
result is driven by our dual-metric optimization
strategy, which ensures that sub-queries are not
only semantically relevant but informationally addi-
tive. By mathematically filtering out low-utility rea-
soning paths before they consume context window
space, PROGRAM mitigates the “reasoning-in-
noise” problem that plagues iterative baselines like
IRCoT, allowing compact models to maintain long-
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Table 2: Comparison of RAG Methods (Gemma-2-9B-Instruct)

HotPotQA 2WikiMultihopQA ARC-C MMLU-Pro MedQA
Method Exact Match F1 Exact Match F1 Accuracy Accuracy Accuracy
Direct 0.3560 0.4404 0.2580 0.3087  0.8780 0.5520 0.5200
CoT 0.3360 0.4175 0.2200 0.2612  0.8780 0.5820 0.5080
IRCoT 0.3260 0.3583 0.2220 0.2546  0.7680 0.5120 0.5700
FLARE 0.3640 0.3958 0.3640 0.3988  0.8820 0.4380 0.5080
ProbTree 0.3500 0.4205 0.3160 0.3638  0.8540 0.5880 0.5600
Self-RAG 0.4560 0.4765 0.4540 0.4667  0.8800 0.5360 0.5820
SeaKR 0.3440 0.4071 0.3720 04120  0.7620 0.3960 0.3940
PROGRAM (Ours) 0.5520 0.5910 0.5220 0.5640  0.9020 0.6020 0.5920

Table 3: Comparison of RAG Methods (GPT-40-mini)

HotPotQA 2WikiMultihopQA ARC-C MMLU-Pro MedQA
Method Exact Match F1 Exact Match F1 Accuracy  Accuracy Accuracy
Direct 0.3620 0.4156 0.3440 0.3752  0.8880 0.6660 0.6500
CoT 0.4000 0.4485 0.3960 0.4221 0.9120 0.7020 0.7560
IRCoT 0.4920 0.5543 0.5300 0.5586  0.8620 0.6000 0.7260
FLARE 0.4380 0.4801 0.4060 0.4397  0.8940 0.4060 0.7360
ProbTree 0.4220 0.4701 0.5600 0.5980  0.9200 0.7280 0.7680
Self-RAG 0.5480 0.5583 0.5720 0.5781  0.8260 0.6600 0.6640
SeaKR 0.5300 0.5878 0.5340 0.5750  0.6820 0.6200 0.6980
PROGRAM (Ours) 0.5920 0.6420 0.5900 0.6111  0.9520 0.7760 0.8220

Table 4: Comparison of RAG Methods (Qwen-2.5-7B-Instruct)

HotPotQA 2WikiMultihopQA ARC-C MMLU-Pro MedQA
Method Exact Match F1 Exact Match F1 Accuracy Accuracy Accuracy
Direct 0.3380 0.3953 0.3120 0.3668  0.8580 0.4940 0.5140
CoT 0.3380 0.3968 0.2680 0.3036  0.8580 0.6080 0.4900
IRCoT 0.4020 0.4427 0.3240 0.3581  0.8780 0.5440 0.5380
FLARE 0.3120 0.3501 0.2840 0.3248  0.8480 0.3860 0.5260
ProbTree 0.3240 0.3733 0.3860 04135  0.8880 0.6000 0.5460
Self-RAG 0.4540 0.4649 0.4640 04711  0.8400 0.4460 0.5380
SeaKR 0.4840 0.5171 0.5120 0.5386  0.7900 0.5840 0.4680
PROGRAM (Ours) 0.4900 0.5301 0.5520 0.5801  0.9260 0.6080 0.5480

Table 5: Comparison of RAG Methods (Mistral-Small-24B-Instruct)

HotPotQA 2WikiMultihopQA ARC-C MMLU-Pro MedQA
Method Exact Match F1 Exact Match F1 Accuracy  Accuracy Accuracy
Direct 0.4580 0.5049 0.3800 04142  0.9040 0.7360 0.5340
CoT 0.3620 0.3985 0.4580 0.4948  0.9140 0.7480 0.7280
IRCoT 0.5080 0.5617 0.5360 0.5693  0.8720 0.5260 0.5540
FLARE 0.3600 0.4021 0.3800 0.4268  0.8900 0.4420 0.6340
ProbTree 0.4080 0.4637 0.5880 0.6148  0.9340 0.7600 0.7280
Self-RAG 0.5380 0.5478 0.5280 0.5333  0.9020 0.7060 0.6280
SeaKR 0.5280 0.5673 0.4740 0.5104  0.7760 0.5980 0.4920
PROGRAM (Ours) 0.5980 0.6350 0.6300 0.6610  0.9340 0.7400 0.8240




Table 6: Performance comparison across different module-wise using GPT-40-mini. PTS represents Program-Type
Selection and IAPP stands for Iterative Active Program Pruning, and FAG imply the Final Answer Generation.

\ HotpotQA 2WikiMultihopQA ARC-C MMLU-Pro MedQA

‘ Exact Match F1 Exact Match F1 Accuracy Accuracy Accuracy
PROGRAM \ 0.5920 0.6420 0.5900 0.6111  0.9520 0.7760 0.8220
w/ PTS-only 0.1440 0.3166 0.1980 0.2658  0.8880 0.3040 0.6560
w/ IAPP-only 0.1480 0.3332 0.1700 0.2572  0.8960 0.3160 0.6820
w/ FAG-only 0.2580 0.3380 0.3620 0.4133  0.9000 0.3000 0.7120
w/ PTS+IAPP 0.1640 0.3420 0.1660 0.2598  0.8800 0.3260 0.6620
w/ PTS+FAG 0.2420 0.3235 0.2780 0.3180  0.9060 0.3820 0.7400
w/ IAPP+FAG 0.2560 0.3345 0.2840 0.3436  0.9060 0.3920 0.7120

Table 7: Comparison between the program types of
basic-only, basic + advanced programs, and all pro-
gram types on MMLU-Pro, HotpotQA, and 2WikiMul-
tihopQA (2WMQA) datasets with the Gemma-2-9B-
Instruct. ACC stands for Accuracy, EM represents the
Exact Match, and LAT is the latency.

Program‘ MMLU-Pro ‘ HotpotQA ‘
Types | Acc AT | EM

0.5920 - 0.5120
0.6120 2.2x | 0.5400 1.0x
0.6240 5.1x | 0.5400 2.0x

2WMQA
LAT | EM  LAT

0.5400
0.5560 1.0x
0.5600 2.8x

Basic-only
Basic+Adv.
All Types

horizon coherence in complex multi-step reasoning
tasks. Several cases on MMLU-Pro show marginal
improvements over other benchmark datasets. This
is likely due to the dataset’s requirement for not
only understanding scientific theories and terminol-
ogy, but also performing computation over LaTeX-
formatted equations, which aligns with limitations
of LLMs in mathematical reasoning (Chen et al.,
2023; Gao et al., 2023b).

6 Analysis
6.1 Ablation Study

We conducted a series of ablation studies to
examine how key design choices of PROGRAM
affect performance and efficiency. For all abla-
tion studies, we sampled 250 instances from each
dataset, ensuring no overlap across different abla-
tion experiments. Also, we fixed to our best config-
uration of our framework to a maximum of 7 itera-
tions, 10 candidate sub-queries per iteration, and 10
retrieved documents per candidate for benchmark
datasets.

Impact of module-wise configurations. Ta-
ble 6 (see also Appendix section for other results)
presents the ablation study for GPT on module-

wise comparison. The isolated performance of in-
dividual components confirms their structural in-
terdependence, as no single module can effectively
handle complex reasoning. On HotpotQA, using
only the PTS (0.3166 F1) or IAPP (0.3332 F1)
results in a catastrophic drop from the full frame-
work’s 0.6420 F1. A similar pattern appears on
MedQA, where even the strongest single compo-
nent, ‘FAG-only’ (0.7120), significantly underper-
forms the complete system (0.8220). These results
indicate that structured intent (PTS) without exe-
cution (IAPP) is theoretical, while retrieval (IAPP)
without intent lacks direction.

Combining only two modules yields negligible
gains, demonstrating that PROGRAM functions
as a tightly coupled tripartite system. On Hot-
potQA, configurations like PTS+IAPP (0.3420 F1)
and PTS+Rerank (0.3235 F1) barely surpass single-
module baselines and remain 30 points behind the
full framework. This reveals that the Reranker acts
as a critical “noise gate”; without it, the diverse
evidence collected by the IAPP overwhelms the
model with noise. The massive performance leap
of doubling the F1 score occurs only when all three
components work in tandem, validating the neces-
sity of the complete end-to-end pipeline.

Efficiency of program type selection. While
program diversity could potentially enhance per-
formance, the extent of its contribution remains
unclear. We evaluated program type diversity on
MMLU-Pro as it covers various domains, compar-
ing ‘Basic-only’, ‘Basic+Advanced’, and ‘All Pro-
gram Types’. ‘Basic+Advanced’ extends ‘Basic-
only’ by selecting additional ‘Advanced’ program
types. Table 7 shows that selecting more program
types improves accuracy at the cost of increased la-
tency. Specifically, ‘Basic+Advanced’ and ‘All Pro-



Table 8: Performance comparison of reranker archi-
tectures on MMLU-Pro dataset using Gemma-2-9B-
Instruct, Qwen-2.5-7B-Instruct, and GPT-40-mini mod-
els. ACC stands for accuracy and LAT represents the
latency.

Rerank ‘ Gemma ‘
Types‘ ACC

Qwen | GPT
LAT | ACC LAT | ACC LAT

0.6400 65.61 | 0.6040 50.05 | 0.6880 66.32
0.6200 65.48 | 0.6060 50.79 | 0.6880 64.37
0.5960 63.12 | 0.6120 52.22 | 0.6840 66.16
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Figure 3: Average number of remaining programs per
iteration for different Semantic-Information Gain scor-
ing methods across HotpotQA, 2WikiMultihopQA, and
MedQA with GPT-40-mini and Gemma-2-9B-Instruct.

gram Types’ incur approximately 2.2x and 5.1 x
the latency of ‘Basic-only’ respectively.

This result follows a similar pattern in HotpotQA
and 2WikiMultihopQA datasets. This trade-off
occurs because each additional program type re-
quires independent retrieval and reasoning opera-
tions, causing computational cost to scale linearly
with the number of active programs. This makes it
clear that selectively enabling only high-utility pro-
grams provide a better accuracy-efficiency trade-
off than activating all available program types.

Comparison of reranker architectures. While
the presence of reranking is crucial, the spe-
cific choice of reranker architecture between Bi-
Encoder, ColBERT and Cross-Encoder shows vari-
able impact depending on the backbone model. Re-
sults on the MMLU-Pro dataset as shown in Ta-
ble 8 indicate no single architecture consistently

Table 9: Comparison of the final program selection
modes between multiple and single program(s) in terms
of its accuracy performance with the confidence level
of p-value. ACC stands for accuracy.

Program ‘ MMLU-Pro
Modes ‘ ACC  p-value

Multiple | 0.6240 p < 0.05
Single | 0.6120 p < 0.05

outperforms the others as the Bi-Encoder achieves
the highest EM for Gemma (0.6400), whereas the
Cross-Encoder performs best for Qwen (0.6120).
For the GPT model, performance remains largely
stable across all types, with marginal differences
(0.6880 for both Bi-Encoder and ColBERT and;
0.6840 for Cross-Encoder). This suggests that
while reranking is vital, the system’s overall effec-
tiveness is not primarily dependent on the specific
reranker type, as also reflected in minimal latency
gaps across different architectures.

Final program selection mode. Given that pro-
grams are compared based on their support scores,
selecting only the program with the highest sup-
port score might be sufficient, rather than using
multiple programs in the final stage. We controlled
the program-selection mode at the ‘Final Answer
Generation’ stage on MMLU-Pro. Table 9 shows
that the multiple-program approach outperforms
single-program selection. The performance gains
can be attributed to aggregating evidence from di-
verse reasoning paths, which yields richer context
and more comprehensive support for answer gen-
eration than relying solely on documents retrieved
by a single program. This suggests that leveraging
multiple well-supported reasoning trajectories is
more effective than committing to a single path,
even when that path has the highest support score.

Semantic-information gain score. We disentan-
gled our scoring mechanism on HotpotQA, 2Wiki-
MultihopQA and MedQA to assess the relative
importance of Information Gain (IG) and Seman-
tic Score (SEM). IG-only scores documents by in-
cremental information contribution, while SEM-
only ranks by semantic similarity. Table 10 reveals
dataset-dependent patterns in which the HotpotQA,
combining both components (IG+SEM) achieves
the best performance, while the 2WikiMultihopQA,
1G-only performs best. This suggests that IG plays
a more critical role than SEM in our framework.
Figure 3 demonstrates the scoring method compari-



Table 10: Comparison of Scoring Methods. IG and SEM represents the Information Gain and Semantic scores.

. ‘ Gemma-2-9B-Instruct ‘ GPT-40-mini
Scoring
Methods ‘ HotPotQA 2WikiMultihopQA ‘ HotPotQA 2WikiMultihopQA
| EM  F1 EM F1 | EM Fl1 EM F1
IG-only | 0.4880 0.5205 0.5040  0.5480 0.5160 0.5661 0.5960  0.6228
SEM-only | 0.4960 0.5372 0.5000  0.5432 0.5160 0.5623 0.5880  0.6176
IG+SEM | 0.5320 0.5640 0.4920  0.5372 0.5240 0.5689 0.5760  0.6117
— HoporQA Table 11: Performance comparison across different num-
051 I = 2WikiMultihopQA ber of candidate sub-queries on HotpotQA and 2Wiki-
: - Optima leaton Poin MultihopQA using Gemma-2-9B-Instruct. IMP repre-
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Figure 4: Performance comparison across different num-
ber of iterations on HotpotQA and 2WikiMultihopQA
with Gemma-2-9B-Instruct.

son of all three approaches that exhibit rapid initial
program reduction followed by convergence toward
a single program, indicating that our iterative filter-
ing mechanism effectively identifies high-quality
reasoning paths independent of the specific scoring
formulation.

6.2 Sensitivity Study

In this section, we examined how the perfor-
mance changes with different hyperparameter set-
tings. We used the same best configuration settings
while varying the number of iterations and candi-
date sub-queries to isolate its impact.

Number of iterations. Figure 4 evaluates the
performance across varying number of iteration
limits on the HotpotQA and 2WikiMultihopQA
datasets. The results demonstrate that increasing
the number of iterations initially improves accuracy,
validating the benefits of iterative refinement. How-
ever, performance peaks at 7 iterations, achieving
the highest evaluation scores of 0.5120 and 0.4850,
respectively. Extending the process beyond this
threshold leads to a decline in performance across
both datasets, identifying 7 iterations as the optimal

setting for our framework.

Number of candidate sub-queries. Table 11
shows how performance changes with the number
of candidate sub-queries generated per program
during the ‘Program-Type Selection’ stage. We
observed that the evaluation metric generally in-
creases as the number of candidates grows up to
10, and then decreases beyond this point. This
consistent pattern across datasets indicates that us-
ing 10 candidate sub-queries is an optimal choice,
matching to our best configuration settings.

7 Conclusion

We introduced PROGRAM, a framework that
elevates retrieval-augmented generation from
unstructured semantic matching to structured,
program-guided reasoning. By treating retrieval
as execution of specific program types, and inte-
grating dual-metric optimization with statistical
pruning, PROGRAM achieves SOTA performance
across five benchmarks with four LLM backbones.
It demonstrates substantial gains on complex multi-
hop reasoning, outperforming strong baselines in-
cluding IRCoT, FLARE, Self-RAG, and SeaKR by
up to 24% relative improvement on HotpotQA and
13.2% on MedQA.
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Limitations

Although PROGRAM demonstrates strong per-
formance across diverse reasoning tasks, our pro-
gram type space is currently defined through man-
ual design, which may not fully capture other ef-
fective reasoning paths when it comes to other do-
mains that we have not yet explored on such as
financial, visual, and table QA. Fortunately, our
empirical observations showed some promising
performance across various domains of which are
interested to the majority of researchers and practi-
tioners alike, and therefore, we strongly believe that
our PROGRAM can be tested on these domains in
the future work.
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A Appendix

Table 12: Comparison between document selection
strategies of using reranking (active) and initial doc-
ument slicing (inactive) on HotpotQA and 2WikiMulti-
hopQA with Qwen-2.5-7B-Instruct.

Rerank ‘ HotpotQA ‘ 2WikiMultihopQA
Activation ‘ EM F1 ‘ EM F1

Inactive | 0.4200 0.4532 | 0.3240 0.3543

Active | 0.4720 0.5061 | 0.4280 0.4682

Impact of reranking activation. Activating
the reranking module consistently enhances perfor-
mance across multi-hop reasoning tasks compared
to the naive approach of simply slicing (“Inac-
tive”) the top-k documents. As shown in Table 12,
employing reranking (“Active”) with the Qwen-2.5-
7B model on HotpotQA boosts the Exact Match
(EM) score from 0.4200 to 0.4720 and the F1 score
from 0.4532 to 0.5061. A similar trend is ob-
served on 2WikiMultihopQA, where performance
increases from 0.3240 EM and 0.3543 F1 (Inac-
tive) to 0.4280 EM and 0.4682 F1 (Active). These
results confirm that reranking accumulated doc-
uments effectively filters relevant evidence from
multiple reasoning paths, yielding more accurate
answers than relying solely on initial retrieval posi-
tions.

B Pseudo-code for PROGRAM

We provide our pseudo-code in Algorithm 1 for
our proposed PROGRAM framework which con-
sists of three main stages of Program-Type Selec-
tion with dual-metric optimization, Iterative Active
Program Pruning with evidence accumulation, and
Final Answer Generation with reranking. Each line
of pseudo-code provides a brief description of its
operation.
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Table 13: Performance comparison across different module-wise using Gemma-2-9B-Instruct. PTS represents
Program-Type Selection, IAPP stands for Iterative Active Program Pruning, and FAG imply the Final Answer
Generation.

HotpotQA 2WikiMultihopQA ARC-C MMLU-Pro MedQA
Exact Match F1 Exact Match F1 Accuracy Accuracy Accuracy

PROGRAM 0.5520 0.5910 0.5220 0.5640  0.9020 0.6020 0.5920
w/ PTS-only 0.2120 0.3348 0.1880 0.3029  0.8720 0.3600 0.5700
w/ IAPP-only 0.2420 0.3822 0.2000 0.3268  0.8740 0.3620 0.5700
w/ FAG-only 0.3520 0.4621 0.2940 0.3472  0.8840 0.3800 0.5880
w/ PTS+IAPP 0.2540 0.3980 0.2100 0.3344  0.8600 0.3500 0.5660
w/ PTS+FAG 0.2320 0.3093 0.1440 0.1801 0.8680 0.4480 0.5860
w/ IAPP+FAG 0.2880 0.3828 0.2180 0.2530  0.8740 0.4400 0.5660

Table 14: Performance comparison across different module-wise using Qwen2.5-7B-Instruct.

\ HotpotQA 2WikiMultihopQA ARC-C MMLU-Pro MedQA

‘ Exact Match F1 Exact Match F1 Accuracy Accuracy Accuracy
PROGRAM \ 0.4900 0.5301 0.5520 0.5801  0.9260 0.6080 0.5480
w/ PTS-only 0.2240 0.3390 0.2280 0.2944  0.8380 0.3220 0.5180
w/ IAPP-only 0.2480 0.3759 0.2300 0.3101 0.8440 0.3420 0.5220
w/ FAG-only 0.2840 0.3554 0.2640 0.3237  0.8760 0.3140 0.5300
w/ PTS+IAPP 0.2640 0.3936 0.2620 0.3304  0.8580 0.3360 0.5120
w/ PTS+FAG 0.2500 0.3356 0.1680 0.2213  0.8160 0.3060 0.5200
w/ IAPP+FAG 0.2880 0.3259 0.2000 0.2512  0.8540 0.3080 0.5320

Table 15: Performance comparison across different module-wise using Mistral-Small-24B-Instruct.

\ HotpotQA 2WikiMultihopQA ARC-C MMLU-Pro MedQA

‘ Exact Match F1 Exact Match F1 Accuracy Accuracy Accuracy
PROGRAM \ 0.5980 0.6350 0.6300 0.6610  0.9340 0.7400 0.8240
w/ PTS-only 0.3080 0.4347 0.2700 0.3560  0.8780 0.4160 0.6580
w/ IAPP-only 0.3460 0.4705 0.3080 0.3893  0.8900 0.4320 0.6480
w/ FAG-only 0.4000 0.5298 0.4160 0.4853  0.9140 0.5600 0.7120
w/ PTS+IAPP 0.3300 0.4603 0.3320 0.4028  0.8820 0.4220 0.7560
w/ PTS+FAG 0.3340 0.4563 0.3040 0.3914  0.8820 0.4600 0.7020
w/ IAPP+FAG 0.3640 0.4835 0.3580 0.4304  0.9060 0.5600 0.7360

C Prompt Templates for PROGRAM

In this section, we provide our representative
prompting templates that we used in testing on all
benchmark datasets. Figure 5 provide the examples
of our prompt template including instructions for
extracting entities, generating sub-query for each
programs, and checking for sufficiency of its ac-
cumulated documents. Our prompting is the same
throughout our experiment, varied by CoT-style
few-shot examples for each dataset.



Algorithm 1 PROGRAM

Require: Question ), Knowledge Base I, LLM M, Max Iterations T’
Ensure: Final Answer A

1:

—_ = = = =
S A

R A A S

P« {pi}E | where p; ~ Myen(Q) > Generate candidate programs
Pactive —P
7Dlock;ed < @
Pselected <~ @
> 1. Program-Type Selection with dual-metric optimization

for p; € P do
qgo) — Mgen(Q, pi) > Generate program-specific sub-query
paccum . (Z)
K3
Stup(pi) = Sim(g("), Dyeerm)
end for

: for p; € P do

Ci + {c¢j }]]Vil where ¢; ~ Mgen(Q, ql@ , i) > Generate candidate sub-queries per program
D; ¢; + Retrieve(c;, K) for each ¢c; € C;

: end for

: for p; € P do

for c; € C; do
Sra(cj) + ﬁ > peer Drr(P(E|cj, pi)||P(E|pk)) > Information Gain on evidence
Ssem(cj)  SIim(Q, ¢;) > Semantic similarity to original question
end for
q; = argmax, e, (516(¢;) + Ssem(c)))
Dy < D; g
Dz(:lCC’U,m — D;lCC'UJm U UCJ GC’L Di7cj

: end for

> 2. Iterative Active Program Pruning with evidence accumulation

fort =1toT do
if Pyctive = () then break
end if
Poactive < Pactive \ Plocked > Update active programs
for pi € Pactive do
Stip(pi)  Sim(g;, Dyecrm)
is_suff <— M(Q, D™, p;) > Check if program has sufficient documents
if is_suff then Pocrea < Procked U {pi}
end if
end for
if t < T then
for pi € Pactive do
Dgeewm — pgeewm | Retrieve (g, )
end for
end if
Procked < Plocked U t—test({Sgtu)p (p)|p € Pactive}) > Lock statistically significant programs
Pselected — 7)selectecl U Plocked

: end for

> 3. Final Answer Generation with reranking

: Dfinal A UpieP Dgcwm

selected

: Dreranked — Rerank(pfinab Q)

A MCOT(Q7 Dreranked)
. return A




Extract the key entities, keywords, and
important terms from the following query.
Focus on extracting:

- Named entities (e.g. people, places,
organizations, dates, etc.)

- Important keywords and concepts

- Numbers and quantities

- Key phrases that are essential to the query

Query: {sub_query}

Output ONLY a JSON array of extracted
entities/keywords without any explanations or
additional text.

Format: ["entityl", "entity2", "entity3", ...]

You are an expert reasoning engine. The
following default reasoning strategies have
already been applied to answer the question:

Basic Strategies: {basic_types}
Advanced Strategies: {advanced_types}
Input Question: {question}

Task:

1. Analyze whether the basic strategies are
sufficient to answer the question.

2. If additional strategies are needed, select
the most relevant additional program types
from the "Advanced Available Strategies" list
above. Choose as many as needed - there is no
limit.

3. If no additional strategies are needed, return
an empty array [ ].

4. For each selected advanced type, generate a
specific program description and slots.

Output ONLY a JSON array of objects (or
empty array [ ] if no advanced programs
needed) using exactly this format:

[
H
"type": "multi_hop",
"description": "Break down the question
into step-by-step queries”,
"slots": {{}}
1
]

You are an Al language model assistant.
Your task is to generate a highly specific
search query targeting the {prog_type}
({prog_desc}) aspect of the user question.
You must also AVOID these list of sub-
queries: {previous_queries}.

By generating a strategy-aligned version of
the user question, your goal is to help the
user overcome the limitations of
{prog_type} reasoning by strictly following
these rules:

1. If the strategy is 'temporal’, you MUST
use words like "when", "year", "timeline",
"date".

Output ONLY the rewritten question.
Original question: {question}

You are evaluating whether the retrieved
documents are sufficient to answer the
following question.

Question: {question}
Program Type: {program_type}

Retrieved Documents:
{docs_text}

Task: Determine if the retrieved documents
contain enough information to answer the
question. Consider:

1. Do the documents directly address the
question?

2. Are there any critical gaps in information?
3. Is the information complete enough to
provide a confident answer?

Output ONLY "SUFFICIENT" if the
documents are enough to answer the
question, or "INSUFFICIENT" if more
information is needed. Do not provide any

explanations, only output one word: either
"SUFFICIENT" or "INSUFFICIENT".

Figure 5: A list of instruction-prompt templates for our proposed PROGRAM framework.
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