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Abstract

Large Language Models (LLMs) excel at many
reasoning tasks but struggle with knowledge-
intensive queries due to their inability to dy-
namically access up-to-date or domain-specific
information. Retrieval-Augmented Generation
(RAG) has emerged as a promising solution,
enabling LLMs to ground their responses in
external sources. However, existing RAG meth-
ods lack fine-grained control over both the
query and source sides, resulting in noisy re-
trieval, shallow reasoning, and limited adapt-
ability to heterogeneous knowledge sources. In
this work, we introduce DeepSieve, a novel
RAG method that incorporates information
sieving via LLM-as-a-knowledge-router. Deep-
Sieve breaks down complex queries into struc-
tured sub-queries and recursively routes each
to the most appropriate knowledge source, fil-
tering out irrelevant information through a
multi-stage information sieving process. This
modular and transparent approach ensures that
DeepSieve remains adaptable across diverse
information needs. Experiments on three
multi-hop QA benchmarks involving hetero-
geneous sources show that DeepSieve achieves
greater reasoning depth, retrieval precision,
and interpretability compared to conventional
RAG approaches. Our codes are available at
https://github.com/MinghoKwok/DeepSieve.

1 Introduction

Large language models (LLMs) have achieved re-
markable progress across a wide range of natural
language tasks and have demonstrated strong rea-
soning abilities, including in domains such as math-
ematics (Guo et al., 2025), fake news detection (Yi
et al., 2025; Jin et al., 2024b), and commonsense
reasoning (Yao et al., 2023). Yet these LLMs of-
ten falter when facing knowledge-intensive ques-
tions that require up-to-date or domain-specific
information (Guu et al., 2020; Asai et al., 2024,
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Figure 1: Motivation and Overview: Left: Compo-
sitional queries are hard to answer under source het-
erogeneity (e.g., structured, private, and unmergeable
databases). Right: DeepSieve performs decomposi-
tion, source-aware routing, and iterative fusion to enable
structured reasoning.

Fan et al., 2024). This limitation stems from the
fixed nature of LLM parameters, which prevents
dynamic access to external knowledge and fre-
quently results in hallucinations or factually in-
accurate outputs (Huang et al., 2023). Retrieval-
Augmented Generation (RAG) has emerged as a
powerful paradigm for equipping LLMs with ac-
cess to external knowledge (Lewis et al., 2020;
He et al., 2023; Su et al., 2025), enabling them
to tackle complex information-seeking tasks more
effectively. Recent advances such as GraphRAG,
HippoRAG, and so on (Gutierrez et al., 2024; Edge
et al., 2024; Zhang et al., 2025) demonstrate the
promise of structured and memory-augmented re-
trieval in improving factual accuracy and multi-hop
reasoning.

However, existing RAG systems still struggle
with a fundamental limitation: the lack of an ef-
fective information sieving mechanism across the
reasoning pipeline. In practice, this deficiency man-
ifests in two critical forms: query-side sieving and
source-side sieving. On the query side, most sys-
tems treat user queries as atomic units and directly
retrieve information without decomposing or ana-
lyzing their underlying semantic structure (Trivedi
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et al., 2023; Yao et al., 2023; Lin et al., 2025b).
This prevents the model from isolating key sub-
goals or reasoning steps, which is essential for
multi-hop or compositional question answering.

On the source side, knowledge can be heteroge-
neous both across different sources (e.g., unstruc-
tured corpora, structured APIs, private databases)
and within a single source that contains multiple
domains or topics. However, most existing RAG
systems retrieve from a flat, unified index without
considering differences in domain, format, access
modality, or granularity (Chen et al., 2017; Izacard
and Grave, 2021; Gao et al., 2023). This often re-
sults in mismatched content, irrelevant retrievals,
and unnecessary computational cost. Moreover,
many knowledge sources cannot be merged into
a single retrieval index because of privacy con-
straints, structural incompatibility, or deployment
considerations (Mavi et al., 2023; Xu et al., 2025),
further highlighting the need for selective and mod-
ular retrieval strategies.

To bridge this knowledge gap, we propose
DeepSieve, a framework that performs retrieval-
augmented reasoning through multi-stage informa-
tion sieving. As shown in the Figure 1, DeepSieve
consists of four key components: question decom-
position, thought generation, data-source routing,
and recursive reflexion. The pipeline begins by
decomposing a complex input query into a set of
structured sub-questions using an LLM-based plan-
ner (Lin et al., 2025b; Trivedi et al., 2022). Each
sub-question is then independently processed to
generate a “thought”, a latent reasoning step that
guides retrieval planning (Yao et al., 2023; Xu et al.,
2023b). Based on this thought, DeepSieve identi-
fies the most appropriate source (e.g., API, SQL,
RAG corpus) and generates a corresponding ac-
tion plan. This source-aware routing builds on the
idea of using LLMs as controllers for modular tool
access (Schick et al., 2023; Xu et al., 2025).

Once evidence is retrieved, the system evaluates
whether the information sufficiently addresses the
sub-question. If the answer is invalid, DeepSieve
enters a reflection loop to reassess the thought, re-
vise the action plan, or reselect the source, iterating
until resolution or timeout (Madaan et al., 2023;
Baek et al., 2025). Finally, after all sub-questions
are addressed, DeepSieve aggregates the answers
into a coherent output using LLM module, which
also generates intermediate rationales (Wei et al.,
2022; Creswell et al., 2023).

This iterative, modular design allows DeepSieve

to sieve and integrate knowledge progressively,
making it particularly suited for multi-hop reason-
ing and heterogeneous information access. Em-
pirically, DeepSieve consistently outperforms the
baselines across all three benchmarks, achieving
average F1/EM scores of 58.9/49.3 with DeepSeek-
V3 and 51.2/41.4 with GPT-4o0, surpassing both
RAG (e.g., HippoRAG (Gutierrez et al., 2024)) and
agentic (e.g., ReAct (Yao et al., 2023)) baselines,
while using significantly fewer tokens. To sum up,
our paper makes the following key contributions:

* We identify the structural and semantic hetero-
geneity of real-world knowledge sources as a
core challenge in RAG. To address this, we
propose the DeepSieve framework, which in-
troduces information sieving and, for the first
time, uses an LLLM-as-a-knowledge-router
to dynamically decompose queries and dis-
patch sub-questions to heterogeneous sources.

* Our experiments demonstrate that DeepSieve
not only satisfies multi-source settings but
also improves performance in standard single-
source scenarios. Even when operating over
a unified corpus, our system yields better re-
trieval precision and answer accuracy.

* We design DeepSieve as a modular and ex-
tensible method. It supports plug-and-play
integration with diverse tools, retrieval back-
ends, and RAG models. It provides a flexible
backbone for future RAG architectures.

2 Methodology

We propose DeepSieve, a novel RAG method that
performs information sieving across both query
and source spaces. DeepSieve addresses the chal-
lenge of reasoning over heterogeneous knowledge
sources, spanning diverse formats, access modali-
ties, and domains, by employing a layered process
of decomposition, routing, reflection, and fusion.

As shown in Figure 1 and Algorithm 1, Deep-
Sieve decomposes input queries into subqueries,
routes each to an appropriate (Tool, Corpus) pair,
iteratively refines insufficient answers via reflexion,
and ultimately fuses resolved subanswers into a
coherent final response.

Notation. Let () denote the original input query;
letS = {(T%, Cx)} denote the source set, where T,
is a tool and C, is a corpus. DeepSieve performs
the following modular operations:
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Figure 2: DeepSieve workflow with multi-step reasoning: A complex query is first decomposed into diverse
subqueries, like a directed acyclic graph (DAG). For each path in the DAG, an LLM generates a plan to select
knowledge sources via routing. Failed retrievals will trigger re-routing or re-decomposition in the workflow.
Retrieved subanswers are stored in memory and later fused across paths to form a final answer.

Decompose(R) — {gi}y: Decomposes the
query into structured subqueries.

Route(g;,S) — s;: Selects a knowledge source
si = (T3, C;) from the source set S.

Retrieve(qi, s;) — a;: Retrieves an answer a;
from source s; for subquery g;.

Reflect(g;,a;) — IF_REPLAN: If a; is insuf-
ficient, determines whether to replan g;.
Fuse({a;}) — A: Aggregates all valid subanswers
into a final response.

System Input and Execution. Given a query ()
and a source pool S = {(T}, C))} of tool—corpus
pairs, DeepSieve process the query in 4 stages as
shown in Algorithm 1 and illustrated from Sec-
tion 2.1 to Section 2.4.

2.1 Stage I: Query Decomposition

Given a complex query Q, DeepSieve first invokes
an LLM-based planner to decompose it into a set of
structured subquestions {q1, g2, . . . , gn }. This step
acts as a semantic sieve, transforming monolithic
input into a directed acyclic graph (DAG) of sub-
goals. Each node in the DAG represents an atomic
reasoning unit, while edges capture dependency
constraints resolved at fusion time.

2.2 Stage II: Knowledge Routing via
LLM-as-Router

For each subquestion ¢;, the system employs an
LLM-based router to select a tool-corpus pair
(T;,C;) from the source pool & = {(T},Ck)}.
This selection is guided by a structured routing

Algorithm 1: DeepSieve Pipeline

Input: Natural language query @); source
set S
Output: Final answer A
1 {q1,...,qn} < Decompose(Q)
2 foreach g; in execution order do
3 (T3, C;) < Route(qi, S)
a; < Retrieve(q;, T;, C;)
4 IF_REPLAN < Reflect(q;, a;) ;
5 if IF_REPLAN then
‘ (T, Cy) + Route(gi, S\{(T:, C1)})

7 a; < Retrieve(q;, T3, C5) ;

s | Store (g;, (T}, Ci), a;) into memory M ;
9 A < Fuse({a;}?_,, M) return A

prompt that encodes (i) the semantics of g;, (ii) the
profile metadata of each source (e.g., domain, for-
mat, privacy level), and (iii) a fail history M of
previous retrieval attempts.

The router returns a source s; = (73, C;), and
the system invokes the retrieval tool 7} on corpus
C; to obtain an answer candidate a;.

2.3 Stage III: Observation and Reflexion

If the retrieved answer a; is deemed unsatisfac-
tory, e.g., incomplete, irrelevant, or ambiguous,
DeepSieve triggers a reflexion step to reassess the
current subquery ¢;. Instead of modifying the sub-
query content, the system re-routes g; to select an



alternative tool—corpus pair s, = (77, C?), and at-
tempts retrieval again.

This process is guided by the memory module
M, which records all attempted subqueries and out-
comes. Specifically, failed retrievals are stored in
My, as tuples (g;, s;, Result), helping the router
avoid redundant sources in future attempts. Suc-
cessful results are stored in Mgyee as (g, Si, @),
forming trusted evidence for final answer fusion.

2.4 Stage IV: Answer Fusion

After all subquestions have been individually re-
solved, DeepSieve invokes a fusion module to per-
form final aggregation. This module collects the
set of successful subanswers {a;}” ; from mem-
ory Mgy, and synthesizes them into a globally
coherent answer A.

The fusion process leverages the DAG structure
defined during query decomposition, which en-
codes both the reasoning order and dependency
relationships among subquestions. It considers
all valid reasoning paths that traverse the subques-
tion graph and selects consistent subanswers along
these paths for inclusion. In cases where conflict-
ing evidence is encountered, DeepSieve optionally
performs global inference using an LLM to resolve
contradictions and generate a unified response.

2.5 Modularity and Extensibility

DeepSieve is designed with a modular architec-
ture that supports seamless integration of hetero-
geneous tools and knowledge sources. Each core
component, decomposition, routing, retrieval, re-
flexion, and fusion, can be independently replaced
or extended without modifying the overall control
flow. Knowledge sources are abstracted as (Tool,
Corpus) pairs, each annotated with a natural lan-
guage profile that guides source selection during
routing. This abstraction enables plug-and-play ex-
tension: adding a new retriever (e.g., BM25, FAISS,
ColBERTV2) or a new source (e.g., SQL, API) only
requires registering its wrapper and profile. The
system also scales naturally to multi-source set-
tings through semantic clustering or source-specific
wrappers, eliminating the need for index merging
or schema unification.

3 Experiments

We evaluate DeepSieve on multi-hop QA bench-
marks to answer four core research questions:

Comparison with Agentic Methods

Direct

CoT

ReAct
ReWOO
Reflexion
DeepSieve

Figure 3: Normalized radar plot comparing agentic
methods based on their average scores across all bench-
marks. The plot evaluates methods across three dimen-
sions: F1 score, EM score, and token efficiency repre-
sented as #Tokens (inverse). All metrics are normalized,
and a higher value indicates better performance for each
axis. A larger enclosed area signifies a superior trade-
off between accuracy and computational cost.

* RQ1: Does DeepSieve outperform traditional
RAG baselines?

* RQ2: Is DeepSieve more efficient in infer-
ence cost than other agentic RAG methods?

* RQ3: How do decomposition, routing, and
reflexion contribute to overall performances,
respectively?

* RQ4: Can DeepSieve adapt flexibly across
different retrievers and modular knowledge
source configurations?

3.1 Experimental Setup

We evaluate on 3 benchmarks: MuSiQue (Trivedi
et al., 2022), 2WikiMultiHopQA (Ho et al., 2020),
and HotpotQA (Yang et al., 2018), following IR-
CoT (Trivedi et al., 2023) to construct retrieval cor-
pora with both supporting and distractor passages
(1,000 dev questions). We use DeepSeek-V3 (Guo
et al., 2025) and GPT-40 (OpenAl et al., 2024)
as the backbone LLM. To simulate source hetero-
geneity, we partition each dataset into /local and
global segments using LLM-based profiles (see Ap-
pendix G). DeepSieve performs subquestion-level
routing over these two source modules, allowing
modular reasoning across simulated access bound-
aries. Since existing baselines do not support multi-
source retrieval or dynamic source selection, we
evaluate them using the original corpus, which is



the same as the combination of local and global
segments mentioned above, to ensure fair compari-
son. This setup allows us to isolate the impact of
modular routing while maintaining compatibility
across methods.

Baselines. We compare against IRCoT (

, ), ColBERTV2 ( , ),
HippoRAG ( , ), and RAP-
TOR ( , ) as representative RAG
paradigms baseline. We also include ReAct (

, ), ReWOO ( , ), Reflex-
ion ( , ), and Chain-of-Thought
(CoT) ( , ) as reasoning and agen-
tic baselines because DeepSieve utilizes not only
RAG algorithm. The details of these baselines and
their setups are listed in Appendix F.

Metrics. We report Exact Match (EM) and F1
scores to evaluate answer correctness, where EM
measures exact string match and F1 accounts for
token-level overlap. To assess inference cost, we
track the total number of tokens generated by the
LLM across all reasoning steps.

3.2 Main Performance Comparison (RQ1,

RQ4)

In this section, we aim to evaluate whether Deep-
Sieve improves answer accuracy across multiple
multi-hop QA datasets, and how it compares with
both pure RAG and reasoning-based baselines. Ta-
ble 1 includes two DeepSieve variants to demon-
strate its adaptability across retrieval paradigms:
Naive RAG, which retrieves from a flat corpus us-
ing all-MiniLM-L6-v2, and GraphRAG, which
builds on structure-aware retrieval via document-
level links following the GraphRAG setting. Both
variants use DeepSeek-V3 and GPT-40 as the back-
bone LLM with the identical decoding parameters,
which illustrates DeepSieve’s modularity across
different retrieval methods.

DeepSieve(Naive RAG) achieves the best
F1 score on MuSiQue (46.8, +13.5 over IR-
CoT+HippoRAG) and 2WikiMultiHopQA (68.4,
+5.3), highlighting the benefit of structured decom-
position and source-aware retrieval. On HotpotQA,
DeepSieve performs below RAPTOR, which bene-
fits from the design of HotpotQA itself that favors
models with entity linking and graph construction.
However, unlike RAPTOR, DeepSieve performs
better on average and operates in a fully online and
modular manner, without requiring any static graph

preprocessing or clustering. On average, Deep-
Sieve (Naive RAG) achieves an F1 of 58.9, outper-
forming all baselines.

Under the GPT-40 setting, DeepSieve (Naive
RAG) achieves an F1 of 61.7 on HotpotQA (Ta-
ble 2), outperforming other multi-hop reasoning
frameworks such as Chain-of-Thought (30.8), Re-
Act (39.6), and ReWOO (40.1). It also approaches
the performance of Reflexion (46.7 vs. 49.3), while
employing a more modular design with explicit de-
composition and source-specific coordination.

Takeaway: RQ1

DeepSieve achieves the best average F1
across all datasets, outperforming both pure
RAG baselines and agentic RAG method
baselines without relying on static graphs.

3.3 Efficiency Comparison with Reasoning
and Agentic Methods (RQ1, RQ2)

We then evaluate whether DeepSieve achieves its
performance gains efficiently by comparing LLM
token usage with other LLM-based reasoning and
agentic methods. As shown in Table 2, DeepSieve
attains higher accuracy while using significantly
fewer tokens. On HotpotQA, DeepSieve achieves
the highest EM score (49.3) and F1 (61.7), with an
average of only 3.9K tokens per query, compared
to Reflexion (37.9K) and ReAct (9.8K).

To better illustrate the performance—efficiency
trade-off, Figure 3 shows a normalized radar plot
across three dimensions: F1, EM, and inverse token
usage. DeepSieve covers the largest area, demon-
strating strong overall performance across all met-
rics. While ReAct and Reflexion achieve similar
accuracy, they require far more tokens. In contrast,
Direct and CoT are efficient but lag in accuracy. By
balancing all three dimensions, DeepSieve stands
out as a cost-effective LLM-based RAG system.

Takeaway: RQ2

DeepSieve uses significantly fewer to-
kens than other LLM-based systems while
achieving higher accuracy, showing strong
cost-effectiveness.

3.4 Ablation Study (RQ3)

To understand the contribution of each module
within DeepSieve, we conduct an ablation study
to assess its individual and combined effects on
system performance. Our results indicate that re-



Table 1: Exact Match (EM) and F1 scores on MuSiQue, 2WikiMultihopQA, and HotpotQA under DeepSeek-V3
and GPT-40. DeepSieve is evaluated using a simulated heterogeneous setup with local/global source partitioning;
baselines use the merged corpus. Bold: best; T: improvement over best non-DeepSieve; superscripts indicate F1/EM

gains.
Retriever MuSiQue 2Wiki HotpotQA Average
EM Fl EM FI EM FI EM Fl

Naive RAG (MiniLM) 20.5 26.1 26.4 31.3 30.4 42.8 25.8 33.4

w, COIBERTV2 17.1 272 32.9 43.8 42.9 57.2 31.0 427

»  HippoRAG 19.4 279 449 58.9 40.8 553 35.0 474

§ IRCoT + HippoRAG 21.4 33.4 46.5 63.1 45.1 58.9 37.7 51.8

% GraphRAG 7.7 9.7 30.1 33.2 45.9 55.2 27.9 327

5‘5 RAPTOR 18.2 28.9 38.6 52.1 529 66.5 375 50.2
DeepSieve (Naive RAG)  36.0"'4%T  46.87134T  62.87163T 6847531 490 61.6 4931167 5894717
DeepSieve (GraphRAG) 30.0"%6T  36.6"2T 4927271 538 49.4 61.6 429527 507
Naive RAG (MiniLM) 19.4 27.1 26.7 29.8 29.8 445 253 33.8
ColBERTYV2 15.5 26.4 33.4 433 434 57.7 30.8 425

o HippoRAG 19.2 29.8 46.6 59.5 41.8 55.0 35.9 48.1

o IRCoT + HippoRAG 21.9 333 47.7 62.7 45.7 56.2 38.4 50.7

%  GraphRAG 8.7 10.9 29.8 333 443 522 25.6 31.0
RAPTOR 18.8 29.7 39.3 51.6 524 66.3 36.8 49.2
DeepSieve (Naive RAG)  26.7%T  36.67°T  48.3*%6T 552 493 61.7 41.4730T  51,2%057
DeepSieve (GraphRAG) 20.3 31.1 27.5 38.9 44.6 53.5 32.7 432

Table 2: Comparison of Reasoning & Agentic RAG
paradigms on HotpotQA using GPT-4o in terms of F1,
EM, and token usage.

Paradigm F1 EM #Tokens
Direct 36.2 28.0 55.5
CoT 30.8 224 4819
ReAct 39.6 322 9795.1
ReWOO 40.1 304 1986.2
Reflexion 62.5 46.7 37893.0
DeepSieve 61.7 493  3926.6

moving any module reduces performance, with
Reflexion and Decomposition being most criti-
cal. Table 3 shows that disabling Reflexion drops
F1 from 68.4 to 15.4 on 2WikiMultihopQA, and
removing Decomposition results in a 17.5-point
drop on MuSiQue, highlighting their central roles
in multi-hop reasoning.

In contrast, using Routing alone performs poorly
and even slightly reduces accuracy on HotpotQA.
This is likely because HotpotQA contains fewer
source ambiguities, so the added complexity of
Routing does not provide enough benefit. However,
Figure 4 shows that when Routing is combined
with Decomposition and Reflexion (D+Rt+Rf), per-
formance improves consistently across all datasets.
While the D+Rf setup is already strong, adding

Relative F1 Compared to RAG Only

Decompose(D) Route(Rt)

AF1 vs RAG Only

Reflexion(Rf)

Figure 4: Ablation study of F1 score improvements
(blue) and declines (red) over Naive RAG across
datasets. Color intensity corresponds to the magnitude
of performance change, with darker shades indicating
stronger effects.

Routing further boosts robustness and retrieval ac-
curacy, especially in more diverse settings. Impor-
tantly, Routing is essential for DeepSieve’s ability
to handle multi-source, heterogeneous knowledge.
The fact that Routing matches prior performance
without sacrificing accuracy in these more general
scenarios demonstrates its effectiveness. Even in
datasets without pronounced source heterogeneity,
it generalizes well.

Other than performance, Figure 5 details the
token consumption of each module. The Decompo-



Table 3: Ablation study evaluating the performance contribution of each DeepSieve component. It shows how
performance changes when components are removed ("w/0’) or used in isolation. For each dataset, scores are

presented in the format EM | F1 Score.

Setting Decomp. Routing Reflexion HotpotQA ‘ 2Wiki. ‘ MuSiQue
Full DeepSieve v v v 49.0 | 61.6 | 62.8 | 68.4 | 36.0 | 46.8
w/o Reflexion v v 17.3]21.6 | 152|154 | 54115
w/o Routing v v 54.0 | 65.8 | 61.4|64.7 | 34.5|44.6
w/o Decomposition v v 33.1|41.1 | 352|369 | 22.0]28.6
Decomposition Only v 52.3162.1 | 60.3|63.1 | 33.5|44.0
Routing Only v 3211429 | 42|46 6.419.8
Reflexion Only v 33.2143.0 | 28.7|33.2 | 21.2|28.1
Naive RAG 30.4 1428 | 26.4|31.3 | 20.5]|26.1
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Figure 5: A comparison of token costs for each stage
of the framework. The stacked bars illustrate the cumu-
lative token usage per subquery, showing the base cost
of Decomposition (blue), plus the additional costs from
Routing (red) and Reflexion (green).

sition stage consistently establishes a significant
baseline cost, ranging from approximately 550
to 780 tokens per query. In contrast, the addi-
tional overhead from the Routing stage is negli-
gible across all datasets. The most substantial por-
tion of the additional cost is contributed by the
Reflexion stage. This cost analysis underscores
the strategic design of our framework. With its
minimal token footprint, the Routing module is
the key component that enables DeepSieve to han-
dle heterogeneous data sources and provides a net
performance boost when combined with the other
modules. Conversely, while Decomposition and
Reflexion account for the majority of the token
cost, the ablation results confirm they are indis-
pensable for achieving high accuracy, as removing
either leads to a dramatic drop in performance.

Finally, we evaluate the Fusion module’s effec-

strate consistent accuracy improvements, with a
high fix-to-error ratio confirming robust aggrega-
tion of routed subquery results as Figure 6 shows.

Takeaway: RQ3

Decomposition and reflexion are key to ac-
curacy. Routing alone may underperform,
but in combination, it improves robust-
ness and handles heterogeneous knowledge
sources without sacrificing performance.

3.5 Modular Design and Adaptability (RQ4)

DeepSieve supports both Naive RAG and
GraphRAG retrieval setups, demonstrating its
adaptability and modular design. To simulate het-
erogeneous corpora, we partition each dataset into
local and global segments, enabling subquestion-
level routing to different sources. DeepSieve
achieves strong performance across both retrieval
modes, outperforming prior RAG baselines while
maintaining flexible source integration. Further-
more, to enable multi-format access, we implement
modular interfaces in our framework(like SQL ex-
periment results in Appendix I), supporting poten-
tial integration with databases and APIs.

Takeaway: RQ4

DeepSieve generalizes across retrievers and
source configurations, with modular support
for structured sources (e.g., SQL, JSON)
implemented.
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Figure 6: Effect of fusion reasoning on EM scores
of DeepSieve(GraphRAG). For each dataset, the left
bar shows EM before and after fusion (blue), and the
right bar shows how often fusion fixes incorrect answers
(green) or corrupts correct ones (red).

4 Related Work

We position our work at the intersection of four
key research directions: decomposition for multi-
hop reasoning, RAG with heterogeneous sources,
LLM-based routing, and reflexion RAG method.

Multi-Hop Reasoning and Decomposition
Some researchers find that the reasoning step
length and knowledge recall can contribute to
multi-hop QA accuracy (Jin et al., 2024c,a).
Multi-hop question answering (QA) requires
breaking down complex queries into simpler
subtasks. Decomposed Prompting proposes a
modular planner—executor framework to tackle
complex reasoning tasks (Khot et al., 2023).
ADaPT dynamically determines when to de-
compose using planner-based feedback loops
(Prasad et al., 2024). DISC improves scalability
by dynamically decomposing inference steps with
memory efficiency (Light et al., 2025). SealQA
integrates decomposition and verification into
search-augmented LMs (Cui et al., 2024). Ye et
al. formalize decomposition as a representation-
quality check in RAG (Zeng et al., 2025). These
methods enhance reasoning depth and modular
execution but do not address source- or tool-aware
routing in heterogeneous environments.

RAG with Heterogeneous Sources RAG sys-
tems augment LL.Ms with both structured and un-
structured knowledge (Lewis et al., 2020; Talmor
etal., 2021). HippoRAG introduces memory along-
side structured retrieval (Gutierrez et al., 2024).
HippoRAG2 extends it with continual memory us-
ing clustering and profiling (Gutiérrez et al., 2025).

InfuserKI enhances LLMs with knowledge graphs
via infusing (Wang et al., 2024). AutoSchemaKG
automates schema induction for knowledge graph
construction from web corpora (Bai et al., 2025).
These approaches handle heterogeneous memory
and structure, but still rely on flat retrieval indexes
without per-subquestion navigation. Beyond re-
trieval, routing-based agent frameworks can explic-
itly decide which knowledge/tool/agent to invoke at
each step; for example, Sun propose fast—slow rout-
ing for visual agents to switch between lightweight
and deliberative reasoning modules (Sun et al.,
2025).

LLM as Router for Source-Aware Retrieval
Recent work explored by LLLMs to control retrieval
behavior, but often under homogeneous assump-
tions. Probing is popular in the LLM area (Jin
et al., 2024b), Probing-RAG (Back et al., 2025)
leverages LLMs’ self-reflection to guide document
selection, but operates over a single unified corpus.
OmniRouter (Mei et al., 2025b) introduces cost-
aware retrieval routing over sub-indices, assuming
similar retrieval formats. Toolformer (Schick et al.,
2023) fine-tunes LLMs to call APIs, yet does not
support structured routing or modular tool orches-
tration. By contrast, DeepSieve treats routing as
a decision step, matching each subquestion to a
specific source profile drawn from a heterogeneous
set of corpora and tools (e.g., SQL, APIs, RAG
corpora).

Agentic Methods Agentic systems empower
LLMs to reason, plan, and act over multi-step infer-
ence chains. Some agentic methods are also used
for RAG tasks. ReAct (Yao et al., 2023) merges
tool use and thought generation in a unified loop.
ReWOO (Xuetal.,2023b) decouples retrieval from
reasoning to reduce token cost. MA-RAG (Nguyen
et al., 2025) introduces agentic collaboration via
CoT-based subquerying. Recent works have also
explored optimizing agentic RAG systems through
caching mechanisms (Lin et al., 20252) to reduce la-
tency and cost. In contrast, DeepSieve builds upon
this line of work by introducing an explicit modular
planner-router-retriever loop, enabling fine-grained
reasoning over decomposed subquestions, recur-
sive reflexion over failures, and heterogeneous tool
dispatch.



5 Conclusion

We present DeepSieve, a RAG method that ad-
dresses the limitations of traditional RAG pipelines
in handling compositional queries and heteroge-
neous knowledge sources. DeepSieve decomposes
queries into subquestions, routes each to the most
suitable source using an LLM-based router, and
performs retrieval and reflexion before aggregat-
ing final answers. Through extensive experiments
on three multi-hop QA benchmarks, we demon-
strate that DeepSieve achieves strong performance
across different LLMs, outperforming both RAG
baselines and agentic baselines. The method also
generalizes across retrieval backends (Naive RAG
vs. GraphRAG) and supports the interfaces for
SQL and JSON sources in the source code.

Limitations

While DeepSieve demonstrates strong performance
in modular reasoning and heterogeneous source
routing, there remain directions for further enhance-
ment: First, the current routing mechanism selects
only a coarse-grained (tool, source) pair for each
subquestion. This limits the system’s ability to
leverage fine-grained configurations, such as tool-
specific parameters (e.g., retrieval depth, temper-
ature, API mode) or function-level APIs. Future
work could extend the action space to support pa-
rameterized tool selection, enabling more adaptive
behavior and cost-aware decisions at inference time
(Mei et al., 2025c¢).

Second, although DeepSieve supports modular
integration of private sources, it treats all subques-
tions uniformly across users. In real-world settings,
however, different users may have personalized
knowledge graphs, access patterns, or preferences.
A promising direction is to incorporate personal-
ized routing and memory modules, allowing the
LLM to learn user-specific retrieval paths, preferred
sources, or task priors, thus enabling long-term
adaptation and user-centric QA behavior.

Third, the interpretability of the agentic decision-
making process is critical for user trust and sys-
tem debugging. While DeepSieve effectively
routes queries, the rationale behind specific routing
choices can be opaque. Future work could incorpo-
rate agentic explainer frameworks, such as SAGE
(Han et al., 2025), RAGRouter-Bench (Wang et al.,
2026) to provide granular interpretations of the
router’s internal features and verify the logic be-
hind its source selection and decomposition steps.

Furthermore, to further optimize routing preci-
sion, we plan to move beyond surface-level con-
fidence scores. Recent findings on concept depth
(Jin et al., 2025) reveal how LLLMs acquire knowl-
edge across layers. Future iterations of DeepSieve
could leverage these layer-wise signals to distin-
guish between well-mastered internal knowledge
and hallucinations, triggering retrieval tools only
when the model’s internal concept depth is insuf-
ficient. We believe these extensions will further
enhance the controllability and personalization of
RAG systems in both industrial and research appli-
cations.

Finally, our current evaluation primarily focuses
on standard multi-hop question answering bench-
marks. We have not yet explored the applicabil-
ity of DeepSieve in more dynamic, interactive, or
simulation-based environments. Future work could
investigate how our routing mechanism adapts to
complex scenarios such as computer-use agent
(Mei et al., 2025a), game prototyping (L1 et al.,
2025b,a, 2026) ,digital twin persona simulation
(Du et al., 2025; Du et al.) and activity recogni-
tion (L1 et al., 2020), where information retrieval
must align with evolving states or specific character
personas.
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A Case Study: Error Avoidance via
Decomposition and Routing

To demonstrate the benefits of our routing-based,
multi-stage RAG pipeline, we present several qual-
itative examples in which DeepSieve significantly
outperforms a standard flat RAG baseline. While
quantitative metrics provide a global summary,
these case studies are crucial for illustrating the
distinct types of reasoning and retrieval failures
that arise in open-domain multi-hop QA—and how
DeepSieve’s modular design mitigates them.

Each case highlights a representative failure
mode of Pure RAG, such as hallucinating unsup-
ported facts, making entity confusions due to se-
mantic proximity, failing to perform multi-step in-
ference, or being brittle to partial retrieval. In con-
trast, DeepSieve breaks down complex queries into
structured subqueries, dynamically routes each sub-
query to the most relevant knowledge source, and
employs reflexion to recover when intermediate
reasoning fails.

The selected queries capture diverse challenges
commonly encountered in real-world QA tasks:

¢ Resolution of nested references (Case 1):
Answering requires tracing multiple entity
links, e.g., identifying a person via another
person’s biography.

 Interpretation of entity-to-entity relation-
ships (Case 2): Understanding geographic
containment and relational structure between
entities.

* Robustness to early-stage retrieval errors
(Case 3): Overcoming noisy or misleading
top-k passages by revising and retrying.

¢ Disambiguation in entity-rich settings
(Case 4): Navigating multiple overlapping or
semantically similar names across corpora.

e Temporal linking across events (Case 5):
Connecting causally or chronologically re-
lated events that span different documents.

In all cases, we contrast DeepSieve with a
Pure RAG system, which retrieves directly from
a merged corpus without decomposition, source-
specific routing, or any fallback mechanisms. Such
flat pipelines often retrieve semantically similar but
irrelevant contexts or hallucinate answers in the
absence of explicit grounding.

Case 1: Decomposition Avoids Hallucination

Query: Who is the husband of the woman who
founded the Flying Doctors service in Nigeria?

Pure RAG (Failure)

Top-k Retrieved:

* “Flying Doctors Nigeria was established
to provide air ambulance services across
West Africa.”

* “History of emergency medical care in
Nigeria.”

* “Private medical companies in Africa.”

Answer: Dr. Oluyemi
Error: No founder info; hallucinated name.

In contrast, DeepSieve decomposes the query into
reasoning steps and retrieves targeted evidence
from relevant sources.

DeepSieve (Success)

Decomposition:

* QI: Who founded Flying Doctors? — Dr.
Ola Orekunrin

* Q2: Who is her husband? — No public
info

Routing: Q1 — Global, Q2 — Local

Top-k Retrieved:

* “Dr. Ola Orekunrin founded the Flying
Doctors Nigeria service.”

e “Medical in West

Africa.”

entrepreneurship

Final Answer: No public record of her hus-
band.

In this case, Pure RAG fails because the question
contains a nested structure that requires identify-
ing the founder before inferring her marital status.
Without decomposition, the model hallucinates a
name (Dr. Oluyemi) not supported by retrieved
content. DeepSieve correctly separates the query
into steps and prevents hallucination by explicitly
handling reference resolution.



Case 2: Routing Improves Corpus Precision

Query: What country is the birthplace of Erik Hort
a part of?

Pure RAG (Failure)

Top-k Retrieved:
* “Erik Hort was born in Montebello.”
* “Cinderella attended the royal ball.”

Answer: United States
Error: Guesswork; no reasoning trace.

By decomposing the query and rerouting
subquestions, DeepSieve uncovers geographical
dependencies that Pure RAG missed.

DeepSieve (Success)

Decomposition:

¢ Ql: Who was born in Montebello? —
Erik Hort

* Q2: What state is Montebello in? — New
York

* Q3: What country is New York in? —
United States

Routing: Local — Global — Global
Top-k Retrieved:

* “Montebello is located in New York.”
e “New York is one of the 50 US states.”

Final Answer: United States

Here, a seemingly straightforward question actu-
ally requires multiple geographic hops. The Pure
RAG system answers correctly by chance but lacks
any justification. DeepSieve surfaces the latent
structure, allowing the answer to be transparently
derived through chain-of-thought and cross-source
coordination.

Case 3: Reflexion Corrects Early Failure

Query: What is one of the stars of “The Newcom-
ers” known for?

Pure RAG (Failure)

Top-k Retrieved:

¢ “Chris Evans starred in ‘The Newcom-
ers’.”’
e “Kate Bosworth acted in several teen

films.”

Answer: Dano is an indie film actor.
Error: Off-target guess; no grounding.

DeepSieve’s reflexion mechanism re-queries when
early steps fail, correcting misaligned or
unsupported answers.

DeepSieve (Success via Reflexion)

Decomposition:

¢ Q1: Who starred in “The Newcomers”?
— Chris Evans

* Q2: What is Chris Evans known for? —
Captain America

Routing: Local — Global
Top-k Retrieved:

* “Chris Evans played Captain America in
the Marvel series.”

Final Answer: Captain America

Reflexion plays a key role when intermediate re-
trieval fails. Here, the initial step is successful, but
the answer to the second query is incorrect. Deep-
Sieve detects this and re-attempts the step with an
updated subquery. The correct answer emerges
only after this re-routing, which is not possible in
flat RAG systems.

Case 4: Routing Prevents Misleading
Associations

Query: Which Harry Potter character was played
by Robbie Coltrane?



Pure RAG (Failure)

Top-k Retrieved:
* “Robbie Coltrane is a British actor.”
* “He appeared in several comedies.”

Answer: Newt Scamander
Error: Wrong movie, wrong actor.

Naive RAG suffers from semantically similar
distractions. DeepSieve routes to the most
accurate corpus for disambiguation.

DeepSieve (Success)

Decomposition:

¢ Q1: Who is Robbie Coltrane? — Actor
in Harry Potter

* Q2: What character did he play? —
Rubeus Hagrid

Routing: Global — Global
Top-k Retrieved:

* “Robbie Coltrane portrayed Hagrid in all
eight Harry Potter films.”

Final Answer: Rubeus Hagrid

This example shows how semantic similarity
can be misleading. The name “Robbie Coltrane”
triggers distractor documents about unrelated roles.
DeepSieve’s global routing ensures selection of
contextually relevant facts, avoiding confusion with
similarly structured but irrelevant entries.

Case 5: Decomposition Enables Knowledge
Linking

Query: Who succeeded the Prime Minister that
resigned during the Brexit vote?

Pure RAG (Failure)

Top-k Retrieved:
* “Brexit led to political unrest in the UK.”

Answer: Boris Johnson
Error: Lucky guess; no traceable chain.

Chained subquestions let DeepSieve explicitly link
political timelines, uncovering correct facts.

DeepSieve (Success)

Decomposition:

* Q1: Who was UK PM during Brexit vote?
— David Cameron

¢ Q2: Who succeeded David Cameron? —
Theresa May

Routing: Global — Global
Top-k Retrieved:

* “David Cameron resigned after Brexit.”
* “Theresa May beat Cameron as PM.”

Final Answer: Theresa May

This final case exemplifies how multi-hop ques-
tion answering often entails chaining temporally
or causally linked events. Without decomposition,
the Pure RAG baseline simply guesses the answer
based on limited evidence. DeepSieve reconstructs
the chain of political succession through its de-
composed subqueries, leading to a verifiable and
accurate response.

Case 6: Decomposition Avoids Hallucination

Query: Who is the husband of the woman who
founded the Flying Doctors service in Nigeria?

Pure RAG (Failure)

Top-k Retrieved:

* “Flying Doctors Nigeria was established
to provide air ambulance services across
West Africa.”

* “History of emergency medical care in
Nigeria.”

* “Private medical companies in Africa.”

Answer: Dr. Oluyemi
Error: No founder info; hallucinated name.

In contrast, DeepSieve decomposes the query into
reasoning steps and retrieves targeted evidence
from relevant sources.



DeepSieve (Success)

Decomposition:

* Q1: Who founded Flying Doctors? — Dr.
Ola Orekunrin

* Q2: Who is her husband? — No public
info

Routing: Q1 — Global, Q2 — Local

Top-k Retrieved:

* “Dr. Ola Orekunrin founded the Flying
Doctors Nigeria service.”

e “Medical
Africa.”

entrepreneurship in  West

Final Answer: No public record of her hus-
band.

In this case, Pure RAG fails because the question
contains a nested structure that requires identify-
ing the founder before inferring her marital status.
Without decomposition, the model hallucinates a
name (Dr. Oluyemi) not supported by retrieved
content. DeepSieve correctly separates the query
into steps and prevents hallucination by explicitly
handling reference resolution.

Case 7: Multi-Source Reasoning with SQL and
RAG

Query: Which scientist born in the 19th century
is known for discovering radioactivity, and what
country did she live in during World War 1?

Pure RAG (Failure)

Top-k Retrieved:

* “Radioactivity was discovered in the late
19th century.”

* “Famous scientists in chemistry and
physics.”

¢ “Women in science and war.”

Answer: Lise Meitner
Error: Missed date constraint; incorrect
person selected.

In contrast, DeepSieve uses SQL to filter
candidates by birth year, then RAG to confirm

contributions and residency.

DeepSieve (Success)

Decomposition:

¢ QI1: Which scientists were born in the
19th century? — [SQL: Marie Curie, oth-
ers]

* Q2: Who among them discovered radioac-
tivity? — Marie Curie

* Q3: Where did she live during World War
1?7 — France

Routing: Q1 — SQL, Q2/Q3 — Global
RAG
Top-k Retrieved:

¢ “Marie Curie was born in 1867 and dis-
covered radioactivity.”

¢ “She lived in Paris and worked in France
during World War 1.”

Final Answer: Marie Curie, France.

DeepSieve combines structured filtering and se-
mantic reasoning, correctly narrowing down candi-
dates using SQL and then using RAG to identify the
scientific contribution and wartime location. Pure
RAG fails to apply the 19th-century constraint and
misattributes the discovery.

B Modular sources

Table 4 summarizes the modular source modules
available in DeepSieve. Each source is represented
as a (Tool, Corpus) pair with an associated profile
string. These profiles serve as natural language de-
scriptors visible to the LLM router during routing
decisions. The table illustrates the heterogeneity
across source types (structured, unstructured, exter-
nal APIs, and semi-structured logs), as well as their
access modes (e.g., SQL, RAG, JSON, API). This
modular abstraction enables plug-and-play source
integration and facilitates fine-grained control over
per-subquestion retrieval.

C Prompt Examples

DeepSieve’s effectiveness stems from carefully de-
signed prompts that implement our core method-
ology. Each prompt type serves a distinct purpose



in the reasoning pipeline while maintaining consis-
tency with our framework’s principles.

Decomposition Prompt

You are a question planner. Decompose the
complex question into a sequence of atomic
questions that can be answered using a sin-
gle fact each.

Original Query: Who succeeded the
Prime Minister that resigned during
the Brexit vote?

Decomposed Subquestions: 1. Who was the
UK Prime Minister during the Brexit vote?
2. Who succeeded that Prime Minister?
Only output the list of subquestions in order.
Do not include explanations.

Design Rationale: This prompt operationalizes
our information sieving principle (Section 2.1) by
forcing atomic decomposition. The constrained
format ensures each subquestion targets exactly
one retrievable fact while preserving dependency
relationships. The "no explanations" requirement
minimizes token usage for downstream processing.

Routing Prompt

You are a routing assistant. Your task is to
decide whether a query should be answered
using which tool-data pair.

Auvailable Pairs: - local: people and entity-
specific information. - global: general
world knowledge including geography, his-
tory, etc.
Query: What
located in?
Please output only one word: local or
global. Do not explain your choice.

state is Montebello

Design Rationale: Implements our source-
aware routing through extreme output simplifica-
tion. The binary choice format minimizes token
overhead while enforcing discrete source selection.
This aligns perfectly with our tool-corpus abstrac-
tion and enables efficient routing decisions.

Reflexion Prompt

You are a reflective reasoning agent. The
previous attempt failed to find a valid an-
swer. Try to rephrase or redirect the sub-
question.

Failed Query: What is one of the stars
of "The Newcomers” known for? Failed
Result: Dano is an indie film actor.
(not grounded)

Try to reflect and generate a new query that
might work better.

Reflected Subquestion: What is Chris
Evans known for?

Design Rationale: Embodies our iterative re-
finement approach. The prompt structure guides
the LLLM to: (1) recognize retrieval failures, (2)
preserve original intent, and (3) eliminate ambigu-
ous references - all while maintaining the atomic
question constraint.

Fusion Prompt

You are an answer synthesis agent. Given
the original question and a list of
subquestion-answer pairs, generate a final
answer. Be concise and faithful to the evi-
dence.

Original Question: What country is the
birthplace of Erik Hort a part of?
Sub-QA Chain: 1. Who was born in Monte-
bello? — Erik Hort 2. What state is Monte-
bello in? — New York 3. What country is
New York in? — United States

Final Answer: United States

Design Rationale: Implements our evidence
aggregation protocol (Section 2.4). The prompt
enforces three key requirements: (1) traceability
to subanswers, (2) conflict resolution, and (3) min-
imal elaboration - ensuring final outputs remain
grounded in the retrieved evidence.

D Source Profiles for Routing

To support per-subquery source routing, each cor-
pus in DeepSieve is associated with a router-visible
profile string that summarizes its scope and in-
tended use. These profiles are automatically in-
jected into the routing prompt (see Section 2.2) to



guide source selection. Below we list the local/-
global profile definitions used for each benchmark.

MuSiQue

The MuSiQue benchmark utilizes two complemen-
tary knowledge sources with distinct characteris-
tics:

This knowledge base focuses on specific
named entities such as People (e.g., artists,
politicians), Organizations (e.g., compa-
nies, institutions), Locations (e.g., cities,
countries), Events (e.g., historical or sports
events), and Works (e.g., books, films, art-
works). It is ideal for entity-centric or bio-
graphical questions.

This knowledge base contains more general
background or contextual information that
is not specific to any single named entity. It
is more comprehensive and serves as a gen-
eral fallback when the entity-specific source
cannot answer the query. Select this profile
when the query is not related to any specific
entity in local profile.

2WikiMultiHopQA

For 2WikiMultiHopQA, we maintain the same lo-
cal/global dichotomy but with adaptations for its
unique multi-hop reasoning requirements:

This corpus includes documents related to
People, Organizations, Locations, Events,
and notable Works. It emphasizes named en-
tities and is well-suited for questions involv-
ing specific persons, places, or creations.

This corpus provides general-purpose
knowledge and covers a wide range of back-
ground facts. It should be used when queries
are not focused on specific named entities or
require general reasoning. Select this profile
when the query is not related to any specific
entity in local profile.

HotpotQA

HotpotQA'’s profiles are specially designed to han-
dle its bridge and comparison questions, with clear
separation between focused and diffuse knowledge:

This local knowledge base contains concise
factual descriptions about specific named
entities. It includes individual biographies,
locations, media works, historical figures,
organizations, and structured encyclopedic
entries. Each entry focuses on a single topic
and offers concentrated factual coverage.
Examples of content:

* Biographies of notable people

* Descriptions of countries, cities, or in-
stitutions

* Synopses of TV shows, films, or novels

» Explanations of historical events or
wars

This global knowledge base consists of di-
verse, loosely categorized facts and con-
textual information. It often includes edge
cases, composite references, or entries that
lack clear structural focus. These documents
may span multiple entities, vague topics, or
ambiguous scopes, making them harder to
ground precisely.

Examples of content:

* Mentions of multiple entities without
clear subject

¢ Abstract summaries or uncommon ref-
erences

* Indirect relationships between people
and places

E Pseudocode Implementation

The core logic is presented in two parts: the main
control pipeline and the key LLM-driven helper
functions. The main pipeline is designed as a
highly modular and configurable controller. Its
behavior is governed by a configuration object C,
which allows for the systematic enabling or dis-



abling of key components such as decomposition,
routing, and reflexion.

Input: Query @, Set of source modules .5,
Config C
Output: Final answer A

M < InitializeMemory()
results & failures
if C.decompose then

L {q;} < Decompose(Q)

Decompose

/l memory for

// Stage I:

else
| {ai} +{Q} // RAG-only setting

for each subquery q; in execution order do
ggetual « Substitute Variables(q;, M)

a; < null; is_success < false;
7+ 0
while J <

C.maz_reflexion_attempts and
not i1s_success do

if C.use_routing then
54

<_
Route(g@<twal S| M failures) //
| Stage II: Route
else
8; < Smerged ! RAG-only: use
| merged

Qeandidate 4 Si-Execute(gictual) //
retrieve or tool call
a;,15_success —
ExtractAnswer(acqndidate) // Stage
III: Observe
if not 1S_success
C.use_reflexion then
M LogFailure(g¢<™* s;)  //
reflect on failure
LJj<J+1
| M .LogSuccess(q;, a;)
A+ Fuse(Q, M) /I Stage TV: Fuse all
answers
return A

and

This design is a significant advantage as it was
crucial for conducting the ablation studies pre-
sented in our experiments. The algorithm’s ver-
satility is highlighted by the if C.use_routing block,
which shows how the framework can execute its
primary logic for heterogeneous sources or grace-
fully degrade to a standard "RAG-only" baseline

operating on a single merged source.

Function Decompose(Q):

prompt —
CreateDecompositionPrompt(Q))
response < LLM(prompt)

return ParseSubqueryDAG(response)

Function Route(q, S, Fails):

prompt —
CreateRoutingPrompt(q, S, Fails)
response < LLM(prompt)

return SelectSourceFrom(response, S)

Function ExtractAnswer(acondidate):
prompt —
CreateExtractionPrompt(a qndidate )
response < LLM(prompt)

(a,s) —
ParseAnswerAndSuccess(response)
return (a, s)

Function Fuse(Q, M):

prompt —
CreateFusionPrompt((), M .successes)
response < LLM(prompt)

return ParseFinal Answer(response)

The reasoning process begins with an explicit
planning step, where the Decompose function gen-
erates a structured Directed Acyclic Graph (DAG)
of subqueries. A key strength of this approach
is that it makes the reasoning plan transparent,
machine-readable, and capable of modeling the
complex, non-linear dependencies required to solve
multi-hop questions. The execution of this plan is
both dynamic and adaptive. For each subquery,
the Route function intelligently selects a knowl-
edge source, while the while loop embodies the
Reflexion stage, providing a robust self-correction
mechanism. If a retrieval is unsuccessful, the fail-
ure is logged to memory, allowing the system to
attempt a different route on the next iteration.

This entire workflow is powered by the helper
functions in the helper function algorithm, which
abstract the core cognitive tasks into distinct,
prompt-driven LLM calls. By encapsulating op-
erations like Decompose and Fuse into modular
functions, the framework adheres to the "LLM-as-
a-Controller" paradigm. This has the advantage of
making the system’s logic transparent and easy to
modify, as the behavior of each stage can be fine-



tuned simply by refining its corresponding prompt
without altering the core control flow code.

F Baseline Details

We provide additional details for all baselines com-
pared in our experiments.

ColBERTYV2 (Santhanam et al., 2022). A late-
interaction dense retriever with efficient token-level
matching. We use the open-sourced checkpoint
trained on MS MARCO. It serves as the base re-
triever for IRCoT and HippoRAG.

IRCoT (Trivediet al., 2023). A strong multi-hop
QA system that interleaves retrieval and CoT-style
reasoning. We use their official implementation
with ColBERTV2 as the retriever, following the
original two-stage design.

HippoRAG (Gutierrez et al., 2024). A neuro-
inspired long-term memory RAG system that
builds a hierarchical memory graph over retrieved
content. We follow their open implementation and
retrieval setup with ColBERTV2.

RAPTOR (Sarthi et al., 2024b). A recent
RAG framework using recursive abstraction and
document-level graph indexing. We follow their
standard OpenlE + KG construction pipeline and
include their released knowledge graphs for fair
comparison.

ReAct (Yao et al., 2023). An agent-style system
that integrates reasoning and action via thought-
action-observation loops. Our version uses the
retrieval-augmented ReAct setup as implemented
in their codebase.

ReWOO (Xu et al., 2023b). An improved CoT
method that trains workers and orchestrators to
coordinate on reasoning and observation genera-
tion. We follow their implementation with the same
planner-answerer split.

Reflexion (Madaan et al., 2023). A framework
that iteratively refines answers based on self-
evaluation. We implement a retrieval-augmented
version where the model reflects after each retrieval
failure.

Chain-of-Thought (CoT) (Wei et al., 2022). A
classic prompting baseline using few-shot reason-
ing examples without external retrieval. We use
standard CoT prompts and apply them to each
dataset individually.

G Dataset Descriptions

We describe the three multi-hop QA datasets used
in our experiments:

MuSiQue (Trivedi et al., 2022). A challenging
benchmark designed to test multi-hop and composi-
tional reasoning. Each question requires aggregat-
ing facts across multiple Wikipedia passages. To re-
duce spurious correlations, MuSiQue provides both
contrastive distractors and minimal context chains.
We use the full MuSiQue-Answerable (MuSiQue-
Full) version.

2WikiMultiHopQA (Fu et al., 2021). A clean
and diverse multi-hop QA dataset built from
Wikipedia entity pairs, where each question in-
volves reasoning over two connected entities. It
supports entity linking and is less noisy than Hot-
potQA. We follow prior work in using the dev split
(1,000 samples) for evaluation.

HotpotQA (Yang et al., 2018). A widely-
used benchmark featuring bridge and comparison
questions that require multi-hop reasoning over
Wikipedia. Though popular, it is known to con-
tain noise in both questions and support passages.
We use the distractor setting, which includes 10
retrieved passages per question with only one or
two relevant ones.

All datasets are preprocessed using IRCoT’s cor-
pus construction pipeline, with supporting and dis-
tractor passages combined to form a flat retrieval
index. The same set of questions is used across all
methods for fair comparison.

H Experiment Setting Details

To ensure consistency and reproducibility across
all stages of reasoning, we adopt a unified LLM
inference setup for all core components in Deep-
Sieve—including decomposition, routing, reflex-
ion, and final answer fusion. Each of these
modules invokes a chat-based language model
via HTTP API following the OpenAl-compatible
/chat/completions protocol.

We use deterministic decoding by setting the
generation temperature to 0.0, ensuring that the
same input yields the same output across runs.
This is critical for stability during iterative retrieval
and reflection chains, and avoids stochastic drift in
multi-hop inference.

By default, we use either
deepseek-chat as the backend model.

gpt-40 or
These



Table 4: Modular source modules in DeepSieve and their router-visible profiles. Each source advertises a profile
string that summarizes its domain and retrieval capability. The router relies on these profiles to select the most

suitable source per subquestion.

Source Name Type Access Mode Profile for Router Prompt

PersonnelDB  Structured SQL Personnel records such as employee names, roles, and
office locations. Use this source if the question involves
internal or private company information.

Wikipedia Unstructured RAG corpus  This is a general-purpose encyclopedia covering broad
world knowledge, including named entities, places, and
public facts.

Google API External Tool API This is a live web search API for retrieving real-time or
geo-specific public information, such as current location,
weather, or map-based data.

LogJSON Semi-structured JSON This source holds semi-structured JSON logs from user

chat or activity history. Use it when the query refers to
personal history or past interactions.

are selected based on experiment configuration
or availability constraints. All prompts are
constructed as single-turn queries, sent as a
single user-role message without tool calling or
system-level instructions. The response is expected
in one pass, typically in JSON or structured text
format.

HTTP client settings. All LLM requests are issued
through a pooled session with adapter-level retries.
The client is configured as follows:

* Temperature: 0.0 (greedy decoding, no ran-
domness)

* Max retries: 3
* Timeout per request: 60 seconds

* Retry strategy: Exponential backoff with de-
lay 27 for the i-th retry

* Error conditions triggering retry: HTTP
status 429 (rate limit), 408 (timeout), 500-504
(server errors)

This robust client configuration minimizes dis-
ruptions during long-running experiments, where
thousands of LLM queries may be issued in se-
quence. It also handles transient failures gracefully,
such as momentary rate limits or backend latency
spikes.

Implementation details. The entire LLM calling

logic is encapsulated in a lightweight utility script:

utils/1lm_call.py implements
call_openai_chat(prompt,

api_key, model, base_url),
which handles inference, retry logic,
and timeout handling in a self-contained
function.

This modular setup ensures that all DeepSieve
modules, including planning, tool routing, and fail-
ure recovery, use a consistent and reliable inter-
face to external language models. It also facilitates
easy swapping between providers (e.g., OpenAl,
DeepSeek, local vLLM) by simply changing the
base URL and model string without modifying any
internal pipeline logic.

I Mudular Experiment: Can Routing
Preserve Expert Performance?

Motivation. A key motivation for our work is
the need to handle queries spanning heterogeneous
knowledge sources—such as structured databases
and unstructured corpora—that cannot be merged
into a unified index. In real-world systems, queries
may originate from diverse domains and require
reasoning over non-coalescent sources like SQL
tables and general-purpose document collections.
To address this, DeepSieve introduces a routing
module that decides, per query, which tool-data
pair to invoke. But does this routing step degrade
the performance of expert tools?

Setup. We design a diagnostic evaluation to test
whether DeepSieve’s routing module preserves the
upper-bound performance of expert tools when op-
erating over distinct question types. We construct
a test set consisting of two disjoint groups:



¢ Circle group: factual questions about famous
people (e.g., birth dates, professions), best
answered via SQL queries.

* Reg group: general knowledge questions in-
volving entities, events, and context, suitable
for RAG-style text retrieval.

Each group is paired with a dedicated expert:

¢ Circle — SQLTool: executes structured
queries over a database of historical figures.

* Reg — SimpleRAG: answers queries using a
standard vector retriever over text corpus.

Settings.
tions:

We compare two evaluation configura-

 Setting 1 (Expert Oracle Routing): Each
question is routed to its designated expert
tool—Circle queries go to SQLTool, Reg
queries go to SimpleRAG. This reflects the per-
formance of a perfect oracle router.

* Setting 2 (DeepSieve Routing): All queries
are passed through DeepSieve’s LLM-based
router, which must decide which tool to use
without access to question type labels.

Table 5: DeepSieve vs. Expert Oracle performance
(Exact Match | F1). The underline means that the results
are calculated in an ideal setting which is not feasible in
real scene.

Setting SQL RAG Overall
Expert Oracle (S1) 45.0|46.2 32.4|41.8 38.7]44.0
DeepSieve (52) 50.852.0 483|59.1 35.6|40.1
Results.
Analysis. Setting 1 provides an upper bound un-

der ideal conditions, where each question is per-
fectly matched with its corresponding expert tool.
In contrast, Setting 2 reflects a realistic deployment
scenario, where the system must decide the tool
on the fly, without access to ground-truth labels or
perfect routing hints.

Despite the performance drop in Setting 2 com-
pared with the ideal setting, DeepSieve achieves
reasonable performance in the absence of any ora-
cle guidance. This validates the viability of routing-
based reasoning under heterogeneous data regimes.

Why Routing is Necessary. While Setting 1 per-
forms better, it assumes prior knowledge of the
best tool per question—an unrealistic expectation
in practice. More importantly, real-world questions
often span multiple sources, making joint reasoning
across SQL and RAG data essential. Since these
sources cannot be merged, a routing mechanism is
indispensable.
This experiment demonstrates:

* Routing is critical for modular, multi-source
reasoning.

* DeepSieve can support this with acceptable
trade-offs in performance.

* Even under idealized upper bounds, the per-
formance gap is not catastrophic.

J Real-World Heterogeneous Experiment:
MedQA + CaseHOLD

Motivation. While the experiments in former
sections validate routing under controlled condi-
tions, a key question still remains: can DeepSieve
handle truly heterogeneous, real-world domains
that are naturally incompatible? To address this,
and to verify that our gains are not artifacts of ar-
tificial partitioning, we conducted an additional
evaluation combining two distinct domain-specific
corpora: MedQA (Medical) ( , ) and
CaseHOLD (Legal) ( , ).

Setup. We constructed a unified heterogeneous
benchmark by mixing queries and corpora from
MedQA and CaseHOLD. This setup mimics a real-
istic multi-tenant or multi-domain system where a
single entry point must correctly route specialized
queries to their respective knowledge bases (Medi-
cal vs. Legal) without cross-domain pollution.

Results. Table 6 presents the performance of
DeepSieve against standard and Graph RAG base-
lines. DeepSieve significantly outperforms the
baselines, achieving a +50% improvement in Exact
Match (EM) over Naive RAG.

Analysis. The substantial performance gap high-
lights the critical role of source-aware routing in
real-world scenarios. Standard RAG systems often
suffer from "context pollution," retrieving irrele-
vant legal precedents for medical queries (or vice
versa) due to vector space collisions. DeepSieve
effectively isolates these domains via its routing
stage.



Method EM F1

Naive RAG 16.00 2345
DeepSieve (Naive RAG) 24.00 34.39
Graph RAG 18.00 27.14

DeepSieve (Graph RAG) 22.00 32.82

Table 6: Performance comparison on the combined
MedQA (Medical) and CaseHOLD (Legal) setting.
DeepSieve demonstrates superior adaptability to truly
heterogeneous sources.

Latency Note. We also evaluated the wall-clock
latency in this setting. DeepSieve averages 0.058s
per query, compared to 0.026s for Naive RAG.
The slight overhead (~0.03s) incurred by the de-
composition and routing steps is negligible for real-
time applications, especially considering the signif-
icant gains in accuracy and the reduction in gener-
ated tokens.
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