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TL;DR

Plan∗RAG externalizes reasoning as a DAG during inference to enable

modular and efficient multi-hop retrieval.

Enables parallelizable, grounded subqueries, better context window

usage, and fine-grained control.

Integrates seamlessly with existing RAG systems like Self-RAG and

improves accuracy on multi-hop benchmarks.

Motivation

Challenge: Multi-hop queries often fail in existing RAG systems due to:

Fragmented reasoning within the LM’s working memory

Irrelevant or shallow document retrieval

Context overflow

HotPotQA Query: “Rumble Fish was a novel by the author of the coming-of-

age novel published in what year by Viking Press?”

Correct answer: 1967

Vanilla RAG generates an incorrect answer, 1975

fLLM : Q × D → G

Chain-of-Thought infers wrong chain of thought and produces 1975

fLLM : Q × D ×
⊕

n
i=1ti → G

Reason & React (ReAct) despite using more test-time compute, fails to

keep track of the original query intent and generates 1975.

fLLM : Q ×
⋃

n
i=1(ti×ai×oi×Di) → G

Query Decomposition despite explicitly decomposing the query fails to

maintain coherent reasoning and generates 1975

fLLM : Q → {qi}n
i=1

fLLM : Q × D ×
⋃

n
i=1(qi, Gi) → G

Self-RAG relies on the LM’s implicit reasoning capabilities within a single

context window and generates 1975

fLLM : Q × D → {(Gi, Si)}K
i=0

G = arg maxGi
Si

Plan∗RAG: Test-Time Planning

Plan∗RAG operates in two phases:

decompose complex query into a external, reasoning plan as DAG

fLLM : Q → G(V, E)

generator LM traverse the DAG preserving dependencies

fLLM : G(Pa(q)) × q × D → G(q) ∀q ∈ V

Generates the correct answer: 1967
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Q: Rumble Fish was a novel by the author
of the coming-of-age novel published in
what year by Viking Press?

Q1.1 Who is the author
of Rumble Fish?

Q2.1 What is the coming-
of-age novel by ⟨A1.1⟩?

Q3.1 In what year
was ⟨A2.1⟩ published

by Viking Press?

Existing RAG Methods:
✗ Implicit Reasoning
✗ Context Overflow
✗ Sequential Dependency

Plan∗RAG:
✓ Test-time Planning
✓ Conditional Independence
✓ Dynamic Adaptation, ⟨AI.J⟩

Vanilla RAG
fLLM : Q×D→ G

Chain-of-Thought
fLLM : Q×D×

⊕n
i=1ti → G

Reason & React (ReAct)
fLLM : Q×

⋃n
i=1(ti×ai×oi×Di)→ G

Query Decomposition
fLLM : Q→ {qi}ni=1

fLLM : Q×D×
⋃n

i=1(qi, Gi)→ G

Self-RAG
fLLM : Q×D→ {(Gi, Si)}Ki=0

G = argmaxGiSi

Plan∗RAG
fLLM : Q→ G(V,E)
fLLM : G(Pa(q))×q×D→ G(q) ∀q ∈ V

Answer: 1967
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(✗)

(✗)

(✗)

(✗)

(✓)

Figure 2: Comparison of RAG approaches on a HotpotQA multi-hop query. Traditional RAG
methods struggle with context management and implicit reasoning, where sequential operators cre-
ate implicit dependencies. In contrast, Plan∗RAG generates an explicit reasoning plan (G) at test-
time, with special tags ⟨AI,J⟩ enabling dynamic information flow through parent subqueries (Pa(q)).

Recent research has attempted to address these limitations through structured reasoning frameworks.
Chain-of-Thought (CoT) prompting (Wei et al., 2022) and systematic query decomposition (Patel
et al., 2022) have introduced explicit reasoning steps, enabling more granular thought processes and
targeted retrievals. Building upon these foundations, Yao et al. (2023) proposed ReAct—a frame-
work that creates a reasoning chain inside the LM’s context and dynamically coordinates between
thoughts, retrieval operations (actions), and information processing (observations). However, a fun-
damental limitation of ReAct is that the reasoning and retrieval plan exists entirely within the LLM’s
context window, leading to context overflow as reasoning chains grow, plan fragmentation, and high
latency from sequential execution. While recently proposed frameworks like Self-RAG (Asai et al.,
2023), RA-ISF (Liu et al., 2024), and RQ-RAG (Chan et al., 2024) have advanced the field through
innovations in dynamic reasoning and adaptive retrieval mechanisms, the core problem still remains.
These methods often struggle to balance reasoning depth and computational efficiency (see Sec. 3
for an example). This trade-off results in either shallow analysis that misses critical reasoning steps,
or impractical latency that limits their deployment in real-time applications.

To address these challenges, we propose Plan∗RAG, a novel approach that externalizes the reason-
ing process as a directed acyclic graph (DAG). Unlike existing methods that maintain reasoning
chains within the LM’s context or generate isolated sequential sub-queries, Plan∗RAG decomposes
the main query into interrelated atomic and dynamic sub-queries, where nodes represent atomic rea-
soning steps and edges capture the conditional dependencies between them. Atomic sub-queries
can be answered by a single retrieval, and further decomposition does not provide additional useful
granularity. Additionally, sub-queries are tagged with special tags ⟨AI.J⟩, allowing them to adapt
based on updated knowledge during generation. This external representation addresses core limita-
tions of existing approaches in several ways. First, by following the DAG structure for generation,
only the parent nodes need to be included in the context window for any given step (and that the
system follows the intended plan). This prevents context overflow and ensures that only relevant in-
formation is processed at each stage. Second, nodes at the same depth in the DAG can be processed
in parallel, significantly reducing latency compared to sequential approaches. Third, nodes are dy-
namic, containing tags that allow them to adapt based on their parent’s generation, resulting in more
targeted sub-queries. Furthermore, the DAG structure enables explicit verification at each node, fa-
cilitating error correction and backtracking. As generation involves traversing through the reasoning
DAG, Plan∗RAG can be incorporated with both traditional RAG frameworks and recent approaches
like Self-RAG (Asai et al., 2023), enhancing their multi-hop reasoning capabilities (Fig. 1) while
maintaining comparable computational efficiency in terms of input-output tokens (cf. Fig. 4).

Contributions We summarize our contributions as follows. (i) We introduce a test-time reasoning
approach that externalizes the reasoning process as a DAG, fundamentally altering how multi-hop
queries are processed in RAG systems. (ii) We propose a novel DAG-based reasoning structure that
decomposes complex queries into atomic and dynamic sub-queries, enabling parallel processing
while maintaining conditional dependencies. (iii) We demonstrate that our approach can enhance
both traditional RAG frameworks and modern approaches like Self-RAG, improving multi-hop rea-
soning capabilities with comparable computation.

2

Published at ICLR 2025 Workshop on Reasoning and Planning for LLMs

PLAN∗RAG: EFFICIENT TEST-TIME PLANNING
FOR RETRIEVAL AUGMENTED GENERATION

Prakhar Verma1 Sukruta Prakash Midigeshi2 Gaurav Sinha2 Arno Solin1

Nagarajan Natarajan2 Amit Sharma2

1 Aalto University 2 Microsoft Research

ABSTRACT

We introduce Plan∗RAG, a novel framework that enables structured multi-hop
reasoning in retrieval-augmented generation (RAG) through test-time reasoning
plan generation. While existing approaches such as ReAct maintain reasoning
chains within the language model’s context window, we observe that this often
leads to plan fragmentation and execution failures. Our key insight is that by
isolating the reasoning plan as a directed acyclic graph (DAG) outside the LM’s
working memory, we can enable (1) systematic exploration of reasoning paths,
(2) atomic subqueries enabling precise retrievals and grounding, and (3) efficiency
through parallel execution and bounded context window utilization. Moreover,
Plan∗RAG’s modular design allows it to be integrated with existing RAG methods,
thus providing a practical solution to improve current RAG systems. On standard
multi-hop reasoning benchmarks, Plan∗RAG consistently achieves improvements
over recently proposed methods such as RQ-RAG and Self-RAG, while maintain-
ing comparable computational costs.

1 INTRODUCTION
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Figure 1: Plan∗RAG improves performance on
the HotpotQA benchmark substantially compared
to various existing RAG methods, demonstrating
the value of externalizing planning as a DAG

Retrieval-Augmented Generation (RAG,
Lewis et al., 2020; Petroni et al., 2020) has
emerged as a promising approach for ground-
ing language model (LM) responses in external
knowledge. However, RAG systems struggle
with multi-hop queries that require reasoning
across multiple retrieved documents (Tang &
Yang, 2024; Wei et al., 2022). A key challenge
lies in the initial retrieval step, which often fails
to retrieve sufficient relevant documents due to
the query’s lack of full contextual information
(Ma et al., 2023). This limitation has been
highlighted in recent surveys (Torfi et al., 2020;
Zhao et al., 2023) as a fundamental barrier
to reliable AI systems, particularly given the
widespread deployment of large language mod-
els (Brown et al., 2020) across critical domains.

Consider the query: “Rumble Fish was a novel by the author of the coming-of-age novel published
in what year by Viking Press?” Answering this requires an iterative retrieval process: identifying
the Rumble Fish’s author, connecting to their coming-of-age novel, and determining its publication
year. Single-step retrieval in RAG systems often fails in such cases, as it may retrieve documents
about Rumble Fish’s author and Viking Press without recognizing the intermediate fact—the au-
thor’s coming-of-age novel—must first be established. Furthermore, Leng et al. (2024); Shuster
et al. (2021) demonstrate that even when relevant documents are retrieved, LMs struggle to reason
across them due to fixed context windows, leading to information loss and broken reasoning chain.
These limitations pose risks in critical domains such as healthcare and finance (Pal et al., 2023; Zhao
et al., 2024), where accurate multi-step reasoning is essential.
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Figure 1: Plan∗RAG improves performance on the HotpotQA

benchmark substantially compared to various existing RAG

methods, demonstrating the value of externalizing planning.
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Query:
What is the distance between the locations that
hosted the last two Men’s Cricket World Cup finals?

Q1.1: Where was the
last Men’s Cricket

World Cup final held?

Q1.2: Where was
the second last
Men’s Cricket

World Cup final held?

Q2.1: What are
the coordinates of

⟨A1.1⟩?

Q2.2: What are
the coordinates of

⟨A1.2⟩?

Q3.1: What is the
distance between

⟨A2.1⟩ and ⟨A2.2⟩?
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Parallelizable subqueries
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Figure 3: Reasoning plan example: A Reason-
ing DAG highlighting key advantages: only rel-
evant information flows to each subquery, sub-
queries on the same depth can be executed in par-
allel, and the DAG structure allows for debugging
and backtracking.

The aforementioned methods incorporate dif-
ferent strategies and varying degrees of test-
time compute to handle reasoning in RAG sys-
tems. But they all share fundamental limita-
tions, listed below, that lead to failures even on
2–3 hop queries such as our running example.
We identify two observations that motivate our
proposed framework Plan∗RAG:

• First, by accumulating intermediate reason-
ing steps in the context window, they create
information overload as the context grows.
It becomes challenging for the LM to iden-
tify and resolve the dependencies between
subqueries and faithfully execute a reasoning
plan.

• Second, state-of-the-art RAG approaches fail
to leverage the inherent independence be-
tween different reasoning paths in multi-hop
queries. For instance, finding an author’s identity and locating a publication date can be answered
independently, without overburdening the LM’s context with all reasoning paths.

4 PLAN∗RAG: TEST-TIME PLANNING

We present Plan∗RAG, a novel framework for multi-hop reasoning through dynamic, test-time plan-
ning via Directed Acyclic Graphs (DAGs). The key ideas of our formulation, motivated by the issues
faced by the current RAG systems discussed in Sec. 3, are:

1. We want to isolate the reasoning plan, outside of the LM’s in-context memory, as a global data
structure that can help with tracking, execution, and verification. We can generate the plan once
statically, refine, and execute the plan using data structure operations. In this work, we use
Directed Acyclic Graphs (Fig. 3) that are appropriate to represent complex plans.

2. DAG structure allows executing any node conditioned only on the necessary context along its
path, unlike state-of-the-art approaches that accumulate the entire trace (plan and retrievals) in
the LM’s in-context memory. This also helps make the LM calls more economical in terms of
the number of tokens.

3. DAG structure allows processing nodes independently, conditioned on the execution of parent
nodes, helping with efficiency and end-to-end latency of RAG system.

At a high level, Plan∗RAG operates in two phases: (1) decomposing complex queries into a DAG
structure, and (2) executing the DAG while preserving dependencies. Besides the merits of serial-
izing the query plan as a data structure—such as control and efficiency listed above, Plan∗RAG is
complementary to state-of-the-art approaches like Self-RAG in the following sense. We can seam-
lessly integrate Plan∗RAG with methods like Self-RAG, to solve the sub-queries in its internal nodes.
We formalize the reasoning plan DAG in Sec. 4.1, followed by detailed analysis on properties and
benefits of Plan∗RAG in Sec. 4.3. The full algorithm is showcased in Alg. 1.

4.1 REASONING PLAN: DAG

At test-time, Plan∗RAG generates a reasoning plan as a Directed Acyclic Graph (DAG) G(V,E),
where V represents the set of generated subqueries and E denotes the directed edges between them.
The root nodes of G correspond to independently answerable atomic subqueries, while subsequent
nodes represent dependent queries that build upon their parent nodes’ answers. This hierarchical
structure follows the Markov assumption, ensuring that each node’s answer depends only on its
direct predecessors, thus enabling efficient parallel computation.

Formally, for any subquery q∈V, its answer is computed as:

G(q) = fLLM(G(Pa(q)), q,Dq) ; G = fLLM(Q) , (1)
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Figure 2: Reasoning DAG highlighting key advantages: only rel-

evant information flows to each subquery, parallel subquery in-

ference, and DAG allows for debugging & backtracking.

Reasoning Plan: Properties & Benefits

Atomic Subqueries Unlike sequential and local decomposition, Plan∗RAG

decomposes complex query into atomic subqueries resulting in precise

retrievals and limiting hallucinations.

Parallelization & Efficiency Plan∗RAG captures conditional dependencies

enabling parallel execution reducing latency

T seq =
∑n

i=1(tgen(qi) + tret(Di)) ,

T Plan
∗RAG =

∑D
d=0 maxq∈Vd

(tgen(q) + tret(Dq)) ,

where D is the DAG-depth and n is the number of sequential
subqueries.

Context Window Utilization Plan∗RAG allows selective propagation of

only parents information, rather than entire reasoning history providing a

constant context window utilization,

Cseq
t = |Q| +

∑t
i=1(|qi| + |G(qi)| + |D|) ,

Cours
q = |q| + |Dq| +

∑
p∈Pa(q)(|p| + |G(p)|) .

Debugging & Verification DAG enables systematic verification and

granular control at the subquery level—errors can be isolated to specific

nodes and automated interventions (like additional retrievals or

alternative decompositions) can be targeted at specific reasoning steps

Discussion

Structured reasoning via DAGs: Plan∗RAG externalizes reasoning as a

DAG, enabling systematic planning, parallel execution, and improved

accuracy on multi-hop tasks — all while avoiding context overflow.

Modular and integratable: Plan∗RAG integrates cleanly with methods

like Self-RAG and RQ-RAG, while maintaining comparable compute costs

— making it a practical drop-in for existing RAG pipelines.

Unlocks new opportunities: The external DAG enables dynamic plan

refinement, backtracking, and extensions to tasks like fact-checking,

math reasoning, and more.

More details…

See the paper:

arxiv.org/abs/
2410.20753
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