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Retrieval-Augmented Generation (RAG) effectively integrates external knowledge into large language models
(LLMs), enhancing accuracy, adaptability, interpretability, and trustworthiness. The modern RAG systems
contain multiple modules with many tunable parameters, each of which can greatly influence the overall
performance of downstream applications. To identify the optimal configuration for a given RAG pipeline,
existing studies have relied on hyperparameter optimization (HPO) methods. However, these methods overlook
parameter dependencies, lack experience-based learning, and incur substantial computational costs. To tackle
those issues, we propose HAMMER, a hierarchical memory–guided Monte Carlo Tree Search (MCTS) system.
Inspired by human learning, HAMMER employs a hierarchical graph memory to organize experimental insights
and integrates it with MCTS for more reliable tuning. We further design a theoretically guaranteed query
selection technique to reduce cost while preserving effectiveness. Extensive experiments on eight real-world
datasets show that HAMMER improves exact match by up to 20.0% and F1-score by 15.2%, while reducing both
tuning time and token consumption by up to 9×.
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1 Introduction
The development of Large Language Models (LLMs) like GPT-5 [72], Qwen3 [96], and Llama 4 [16]
has sparked a revolution in the field of artificial intelligence [23, 30, 50, 60, 71, 90, 92, 105]. Despite
their remarkable comprehension and generation capabilities, LLMs may still generate incorrect
outputs due to a lack of domain-specific knowledge, real-time updated information, and proprietary
knowledge, which are outside LLMs’ pre-training corpus, known as “hallucination” [76].

To bridge this gap, the Retrieval Augmented Generation (RAG) technique [20, 22, 27, 32, 94,
99, 104, 111] has been proposed, which supplements LLM with external knowledge to enhance
its factual accuracy and trustworthiness. Given a user query 𝑄 , the key idea of naive RAG [45]
is to retrieve relevant chunks from the external corpus, and then feed them along with 𝑄 as a
prompt into LLM to generate answers. Consequently, RAG techniques have been widely applied
in various fields, especially in domains where LLMs need to generate reliable outputs, such as
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Fig. 1. Overview of the advanced RAG pipeline and its six modules with 13 tunable parameters.

healthcare [60, 90, 105], finance [50, 71], and education [23, 92]. Moreover, RAG has proven highly
useful in many data management tasks, including NL2SQL [18, 47], data cleaning [19, 48, 69, 77],
knob tuning [24, 42], DBMS diagnosis [81, 106, 109], and SQL rewrite [51, 85].

The modern advanced RAG pipeline, as shown in Fig. 1, typically comprises six modules [41, 63],
such as chunking, embedding, and retrieving, each containing multiple tunable parameters. For
example, the chunking module determines how to split the corpus into chunks (Split method)
and the appropriate chunk size (Chunk size); the retrieving module should determine how many
chunks to retrieve (Num chunks). These parameters significantly influence the overall performance
of the RAG system across different task types and domains [27, 63, 111], as they directly affect how
each module processes information. For instance, varying the chunk size alters the granularity
of retrieved text, while the choice of embedding model determines how semantic relations are
captured, where smaller chunks favor context-sensitive embeddings, whereas larger chunks benefit
from semantically rich ones. Moreover, domain-specific tasks (e.g., biomedical vs. financial) often
require different reranker models, and complex reasoning questions benefit from deeper query
decomposition, such as using a larger number of subqueries (Subquery num). Fig. 2 illustrates
an example of a RAG pipeline on the HotpotQA dataset [98], a well-known multi-hop reasoning
benchmark, under four different configurations. We observe that varying configurations (i.e.,
parameters) lead to substantial performance differences, highlighting the sensitivity of RAG systems
to parameter choices. To this end, in this paper, we investigate how to determine the optimal
parameters of a RAG pipeline, or equivalently, the optimal configuration of a RAG pipeline, namely,
the RAG tuning problem.
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Num chunks 1 3 5 10

Fig. 2. Results of a RAG pipeline on the HotpotQA dataset with different configurations, where 𝜃𝑖 denotes a
specific configuration of tunable parameters.

• Prior works. While the RAG tuning problem is highly valuable, only a few works have explored
it so far. The first systematic study by IBM Research evaluated five hyperparameter optimization
(HPO) methods for tuning naive RAG pipelines [73]. Recently, Bayesian optimization–based ap-
proaches have been proposed. In particular, Dataroot introduced Syftr [12], a Tree-Structured
Parzen Estimator (TPE)–based framework that supports advanced RAG pipelines with large config-
uration spaces. Gaussian process–based optimization has also been explored for RAG tuning [1]. In
addition, AutoRAG [21] adopts a multi-armed bandit strategy for hyperparameter selection in RAG
pipelines. In total, eight HPO-based methods have been explored for RAG tuning.
•Motivations. Although the existing methods above have achieved some positive progress,

they still exhibit three major limitations (L for short):
L1 : Ignore parameter dependencies. Existing HPO-based methods typically treat parameters

as independent variables. However, in a RAG pipeline, many parameters are inherently interde-
pendent. For example, the choice of embedding model often influences the optimal chunk size,
as different embeddings capture semantic information at varying granularities. Ignoring such
dependencies can easily lead to suboptimal configurations.

L2 : Lack of experience-based learning. HPO-based methods need to conduct tuning through
multiple iterations, yet they completely ignore the relationships across different tuning rounds as
well as the valuable experimental signals and insights embedded in historical tuning processes.
Learning from past experiments is a principle deeply rooted in human problem-solving. Without
such experience-based learning, these methods tend to repeat similar mistakes and repeatedly
explore suboptimal parameters, leading to inefficient and ineffective tuning.

L3 : Extensive tuning cost. Existing methods evaluate each candidate configuration on the
full training set during every tuning iteration, resulting in excessive token usage and long runtimes
before convergence to a near-optimal configuration.
• Our technical contributions. In this paper, we propose HAMMER, a novel HierArchical

Memory-guided Monte Carlo TreE Search based RAG tuning system, to address the three limi-
tations discussed above. Specifically, HAMMER consists of two key stages: 1) a submodular-driven
query selection stage that selects the most representative queries from the query set with a rigorous
theoretical guarantee, and 2) a memory-guided MCTS-based configuration optimization stage that
mimics how humans learn from intermediate feedback and accumulate experience across trials,
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thereby making the tuning process more reliable and effective. In the first stage, HAMMER leverages
query embeddings to quantify pairwise similarities between queries and identify a subset of queries
that are both representative and diverse. Specifically, we model the query selection problem as
a submodular cover problem [34], which is well known to be NP-hard. In light of this, we design
an approximation algorithm with a rigorous and provable 1

2 -approximation guarantee, which
efficiently produces a near-optimal subset.

In the second stage, we integrate MCTS with a hierarchical memory structure, SE-Bank, which
organizes tuning history and search experience into a three-layer graph. This design enables
effective, reliable, and knowledge-driven RAG tuning. HAMMER is the first system to employ MCTS
for RAG tuning, explicitly modeling sequential parameter dependencies (addressing L1 ). It further
incorporates two memory-guided components: 1)Memory-guided simulation, which retrieves similar
configurations and distilled insights from SE-Bank to guide parameter selection, mitigating L2 ;
and 2) Memory-guided evaluation, which samples a small subset of queries and refines their results
through LLM-assisted estimation, thereby reducing tuning costs ( L3 ). After each iteration, SE-Bank
is incrementally updated, mirroring continual human learning.

Extensive experiments on eight real-world RAG scenarios across medicine and science domains
show that HAMMER consistently outperforms state-of-the-art methods, improving exact match by
up to 20.0% and F1-score by 15.2%, while reducing tuning time and token usage by 9×. We have
released the source codes and datasets of our work: https://github.com/Cyan9061/HAMMER.

In summary, our main contributions are as follows.
• We design the first hierarchical memory-guided Monte Carlo Tree Search (MCTS) based

RAG tuning system that mimics the process of human learning, learning from historical
experiences.
• We organize the historical experiences in a hierarchical graph memory and integrate it with

MCTS to enable more reliable tuning. In addition, we propose a query selection algorithm
with rigorous theoretical guarantees to reduce the tuning cost.
• We conduct experiments on eight real-world datasets to demonstrate the effectiveness and

efficiency of our system.
Outline. We introduce the preliminaries and analyze the limitations of existing algorithms

in Section 2. We introduce the overview of HAMMER in Section 3, and present our query selection
algorithm in Section 4. Section 5 introduces our memory-guided MCTS algorithm. The experimental
results are reported in Section 6. We review the related works in Section 7 and conclude in Section 8.

2 Preliminaries
In this section, we review the key concepts of large language models (LLMs), the pipeline of
retrieval-augmented generation (RAG), and then formalize the problem studied in this paper.

2.1 Large Language Models (LLMs)
We introduce some fundamental concepts of LLMs, including LLM prompting and retrieval aug-
mented generation (RAG).

LLM Prompting. After instruction tuning on the large corpus of human interaction scenarios,
LLM is capable of following human instructions to complete different tasks [14, 74]. Specifically,
given the task input, we construct a prompt that encapsulates a comprehensive task description.
The LLM processes this prompt to fulfill the task and generate the corresponding output. Note
that pre-training on trillions of bytes of data enables LLM to generalize to diverse tasks by simply
adjusting the prompt [74].
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Retrieval Augmented Generation. During task completion with prompting, LLMs often gen-
erate erroneous or meaningless responses, i.e., the hallucination problem [30]. To mitigate this
problem, retrieval augmented generation (RAG) is utilized as an advanced LLM prompting tech-
nique by using the knowledge within the external corpus. Typically, there are two widely used
RAG pipelines in the popular LLM-based systems, such as Llama Index [62] and Langchain [41],
namely 1) naive RAG and 2) advanced RAG.

2.2 Pipeline of RAG
In this subsection, we introduce the pipelines of naive RAG and advanced RAG [22].

Naive RAG. The corpus D is first segmented into smaller chunks. Given a query 𝑞, the retriever
fetches the top-𝑘 most relevant chunks. These chunks, together with the query, are concatenated
into a prompt, which is then processed by the LLM to generate the final answer.

Advanced RAG. To improve the effectiveness of RAG, advanced RAG extends the naive frame-
work with additional modules. Beyond basic retrieval, it often incorporates reranking to refine
candidate chunks, hybrid retrieval that combines dense and sparse strategies to avoid missing
relevant chunks, and query decomposition that breaks complex questions into simpler sub-queries.
Advanced RAG typically achieves substantially better performance than naive RAG.

By examining both naive and advanced RAG pipelines, we identify six key modules that are widely
used in the modern RAG systems [41, 62], as shown in the Fig. 1: 1) Chunking Splits documents
into small fixed-length chunks. 2) Embedding. Maps each chunk into a high-dimensional dense
vector representation using a pre-trained embedding model. 3) Retrieving. Selects the top-𝑘 relevant
chunks from the corpus using dense, sparse, or hybrid retrieval methods. 4) Query decomposing.
Decomposes the query into smaller sub-queries to improve retrieval accuracy and support fine-
grained reasoning. 5) Reranking. Re-scores and re-orders retrieved chunks with a more accurate
ranking model. 6) Generating. Produces the final answer with an LLM, guided by parameters such
as the prompt template. Note that naive RAG typically involves only modules 1)–3) and 6), whereas
advanced RAG incorporates all six modules.

2.3 Problem definition
In this subsection, we formally define the research problem studied in this paper. The six modules
introduced above, together with their 13 configuration parameters, define the configuration space
of a RAG pipeline. Detailed descriptions are provided in the supplementary material due to space
limitations [112].

Definition 2.1 (Configuration 𝜃 and Space Θ). A configuration 𝜃 is a concrete instantiation of
the RAG pipeline, obtained by assigning values to all tunable parameters of its modules. The
configuration space Θ is the Cartesian product of parameter domains:

Θ = Θ1 × Θ2 × · · · × Θ𝑚, (1)

where𝑚 denotes the number of all parameters in the RAG pipeline, and each Θ𝑖 is the domain of
the 𝑖-th tunable parameter.

We note that the 13 parameters in the advanced RAG pipeline jointly determine its behavior:
for example, the chunk size and embedding model affect the granularity and semantic quality of
retrieved information, while the reranking and query decomposition strategies influence reasoning
accuracy. A particular assignment of these parameters forms a configuration 𝜃 , representing a
specific instantiation of the RAG pipeline. Collectively, all possible configurations constitute the
configuration space Θ, which defines the search domain for RAG tuning.
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We denote the performance metric by 𝑓 , which can represent any evaluation measure to be
optimized, such as F1-score or accuracy. Given a query set 𝑄 , an external corpus D, and a specific
configuration 𝜃 , we use 𝑓𝑄 (𝜃 ) to denote the corresponding performance of the RAG system. Given
these definitions, we now formalize the RAG configuration optimization problem or RAG tuning
problem.

Problem 1 (RAG tuning problem [12, 73]). Given a RAG pipeline, its configuration space
Θ, an external corpus D, and a query set 𝑄 . Assuming that the objective is a maximization
problem, RAG tuning aims to find a configuration 𝜃 ∗ ∈ Θ, where

𝜃 ∗ = arg max
𝜃 ∈Θ

𝑓𝑄 (𝜃 ). (2)

In practice, RAG tuning requires splitting the query set into training and testing sets, to learn
a configuration that performs well on the training queries while generalizing effectively to the
unseen test queries. In addition, we notice that recent studies have explored automatic RAG pipeline
construction, including MCTS-based approaches and agentic RAG frameworks, which primarily
focus on composing pipeline architectures for a given dataset [80]. Our work is orthogonal to
this line of research: once the pipeline structure is fixed, we focus on optimizing its configuration
to achieve optimal end-to-end performance. This separation allows our approach to naturally
complement existing RAG automation systems. In this work, we consider the advanced RAG
pipeline, which is widely used in well-known modern LLM systems (e.g., LangChain, LangGraph,
and LlamaIndex), reflecting realistic deployment settings.

2.4 Analysis of HPO-based RAG Tuning
HPO-based hyperparameter tuning methods are widely applied in machine learning model opti-
mization [67] and database knob tuning [102]. In essence, the RAG tuning problem can also be
regarded as a form of HPO. Recently, research groups such as IBM and Dataroot have proposed
HPO-based approaches for RAG tuning [12, 73], employing methods such as Bayesian optimization
to search for the “best” configurations for a specific RAG pipeline.

We note that some recent studies have proposed LLM-guided HPO approaches for database knob
tuning [24, 42, 84]. These methods typically leverage LLMs to read DBMS manuals and identify
promising knobs or reduce the search space of individual knobs. However, directly applying this
idea to RAG tuning is infeasible. Unlike DBMSs, RAG systems lack abundant external knowledge
sources — such as official manuals or community forums (e.g., Stack Overflow) — that provide
scenario-specific parameter guidance exploitable by LLMs. In the absence of such knowledge, LLMs
tend to produce unreliable reasoning, leading to overlooking optimal configurations (see Exp.4 in
Section 6.2).

The three key limitations of existing HPO-based methods are: 1) These methods treat parameters
as independent, overlooking their interdependencies, such as how different embedding models align
with specific chunk sizes, which often leads to suboptimal configurations. 2) HPO-based methods
ignore insights from past tuning rounds, failing to follow the human principle of learning from
experience. As a result, they often repeat mistakes and re-explore suboptimal parameters, causing
inefficient and ineffective tuning. 3) All methods need to evaluate each candidate configuration on
the entire query set, which incurs extensive tokens and time to reach near-optimal configurations.
In this paper, we aim to design a novel RAG tuning system to address the three key challenges.
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3 Our HAMMER Approach
In this paper, we propose HAMMER, a novel HierArchical Memory-guided Monte Carlo TreE Search
based RAG tuning system, to address the three limitations discussed above; the overall framework
is shown in Fig. 3. Specifically, given a document, a query set, and the configuration space Θ of
a specific RAG workflow, our HAMMER contains two stages: 1) submodular-guided query selection,
and 2) memory-guided MCTS-based configuration optimization. The first stage aims to select a small
subset of representative queries from the entire query set, as detailed in Section 4. We formulate
the representative query selection problem as a submodular cover problem, which is a well-known
NP-hard problem [34]. To address this, we design an efficient greedy algorithm with a theoretical
approximation guarantee.

In the second phase, the key idea is to leverage the knowledge stored in the hierarchical graph
memory, termed SE-Bank (see Section 5.2), to guide the MCTS-based RAG tuning process. Specifi-
cally, we employ MCTS for RAG tuning to capture the dependencies among different parameters.
During this process, HAMMER incorporates two key components: memory-guided simulation and
memory-guided evaluation, to ensure reliable and efficient tuning (see Section 5.3). In memory-
guided simulation, HAMMER retrieves high-level insights and similar configurations from SE-Bank to
guide parameter selection. These historical experiments provide informative signals for decision-
making, analogous to the human learning process of accumulating and leveraging past experience.
In memory-guided evaluation, instead of evaluating the entire query set, HAMMER samples a small
subset of representative queries and refines their evaluation results by leveraging insights stored
in SE-Bank to prompt the LLM for more accurate refinement. This strategy effectively reduces
computational and token costs while maintaining evaluation reliability.

4 Query selection
In this section, we introduce our query selection algorithm, which aims to select a small subset of
representative queries from the query set 𝑄 , thereby reducing the overall cost of the entire process
of HAMMER.
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4.1 The query selection problem
Our goal is to select a subset of queries that capture the key characteristics of the full query set.
In other words, tuning the RAG system using the selected queries should achieve performance
comparable to that obtained using the full query set.

Intuitively, the selected queries should be mutually dissimilar so that they collectively form a
representative subset preserving the diversity and coverage of the original query set for effective
RAG tuning. To quantify query dissimilarity, we measure the semantic similarity between queries.
In practice, each query is mapped to a vector representation using a pre-trained embedding model
(e.g., BERT [13], bge-m3 [68], or ChatGPT [72]). Given two queries𝑞𝑖 and𝑞 𝑗 with embedding vectors
v𝑖 and v𝑗 , respectively, we define their similarity using cosine similarity: 𝜙 (𝑞𝑖 , 𝑞 𝑗 ) = v𝑖 ·v𝑗

∥v𝑖 ∥ ∥v𝑗 ∥ , where
𝜙 (𝑞𝑖 , 𝑞 𝑗 ) ∈ [−1, 1], where larger values indicate higher similarity between the two queries.

Based on this, a pair of queries (𝑞𝑖 , 𝑞 𝑗 ) is considered dissimilar if their similarity is below
the threshold 𝜏 ∈ [0, 1], that is, (𝑞𝑖 , 𝑞 𝑗 ) is dissimilar if 𝜙 (𝑞𝑖 , 𝑞 𝑗 ) < 𝜏 . Here, we quantify the
quality of a selected subset 𝑆 ⊆ 𝑄 by counting the number of mutually dissimilar query pairs,
ℎ(𝑆, 𝜏) =

��{{𝑞𝑖 , 𝑞 𝑗 } ⊆ 𝑆 : 𝜙 (𝑞𝑖 , 𝑞 𝑗 ) < 𝜏}
��. However, directly maximizing ℎ(𝑆, 𝜏) is not meaningful,

since selecting the entire query set 𝑄 always yields the maximum value.
To avoid such a trivial solution, we require the selected subset to be representative yet not

excessively large. Thus, we normalize the objective by the subset size, ℎ (𝑆,𝜏 )
|𝑆 | , where |𝑆 | denotes

the number of queries in the subset. In this formulation, the subset size serves as a penalty term,
discouraging overly large selections. Besides, we enforce a minimum size constraint |𝑆 | ≥ 𝑘 to
prevent the selected subset from being too small, ensuring sufficient coverage for robust evaluation
on the test set.

With these considerations, the query selection problem is formally defined as:

Problem 2 (Query selection problem). Given a query set 𝑄 , a similarity function 𝜙 (·, ·)
that measures the similarity between any pair of queries 𝑞𝑖 , 𝑞 𝑗 ∈ 𝑄 , and a threshold 𝜏 , the goal
is to select a subset 𝑆 ⊆ 𝑄 with |𝑆 | ≥ 𝑘 that maximizes

max
𝑆⊆𝑄, |𝑆 | ≥𝑘

ℎ(𝑆, 𝜏)
|𝑆 | . (3)

In the following, we first show that finding the optimal solution to this problem is NP-hard, and
then present an efficient polynomial-time 1

2 -approximation algorithm to solve it.

4.2 Our query selection algorithm
In this subsection, we present our query selection algorithm. We first note that finding the optimal
solution to problem 2 is NP-hard. The proof is provided in the supplementary material [112].

Given this hardness result, we focus on designing an efficient approximation algorithm that
provides a provable approximation ratio guarantee, rather than attempting to compute the exact
optimal solution. Here, we propose a greedy-based approximation algorithm, as shown in Algorithm
1.

The algorithm iteratively expands the solution by greedily selecting, at each iteration, the subset
of queries that maximizes the marginal gain in dissimilar query pairs (lines 2–5). This strategy
incrementally promotes diversity during the construction process. After reaching the budget 𝑘 , all
intermediate solutions are completed to size 𝑘 (line 8), and the solution with the highest diversity
ratio is selected as the final output (line 10).
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Algorithm 1: Greedy
Input: A query set 𝑄 , a budget 𝑘 , and a threshold 𝜏
Output: 𝑆 ⊆ 𝑄 with |𝑆 | ≥ 𝑘

1 𝑆0 ← ∅; 𝑗 ← 0 ;
2 while |𝑆 𝑗 | < 𝑘 do
3 𝑗 ← 𝑗 + 1;

// choose a set of queries

4 𝐻 𝑗 ← arg max
𝑇 ⊆𝑄\𝑆 𝑗−1

ℎ(𝑆 𝑗−1 ∪𝑇, 𝜏) − ℎ(𝑆 𝑗−1, 𝜏)
|𝑇 | ;

5 𝑆 𝑗 ← 𝑆 𝑗−1 ∪ 𝐻 𝑗 ;
6 ℓ ← 𝑗 ;
7 for 𝑗 ← 1 to ℓ do

// pad to size 𝑘 if needed

8 add any max{𝑘-|𝑆 𝑗 |, ∅} vertices to 𝑆 𝑗 to form 𝑆 ′𝑗 ;

9 𝑗∗ ← arg max
𝑗∈[ℓ ]

ℎ (𝑆 ′𝑗 ,𝜏 )
|𝑆 ′

𝑗
| ;

10 return 𝑆 ′
𝑗∗ ;

Example 1. As shown in Fig. 4, the left plot visualizes the embeddings of 3,000 queries, where queries
with similar semantics are marked in the same color. On the right, after applying our query selection
method, only 300 representative queries are retained. We can observe that queries from each color
group are covered, indicating that the selected subset preserves the diversity of the entire query set.

By using our query selection strategy for RAG tuning, the selected subset (typically 30% of
queries) remains highly representative of the full query set, enabling our method HAMMER to achieve
nearly the same tuning performance as using all queries, while significantly reducing computational
and token costs.

Theorem 4.1. Given a query set 𝑄 , a budget 𝑘 , and a threshold 𝜏 , the algorithm Greedy returns a
set 𝑆 with |𝑆 | ≥ 𝑘 and ℎ (𝑆,𝜏 )

|𝑆 | ≥ 1
2 × ℎ (𝑆∗,𝜏 )

|𝑆∗ | , where 𝑆∗ is an optimal solution to the Problem 2.

Discussion. We note that our query selection problem can be viewed as an instance of the
coreset selection problem [6]. Both aim to select a representative subset 𝑆 from a large dataset 𝑄
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(where |𝑆 | ≪ |𝑄 |) to approximate the performance on the full set. That is, the existing coreset
selection algorithm can also be applied here. While coreset methods minimize the distance between
each query and its nearest selected counterpart in the embedding space, our approach instead
maximizes the dissimilarity among selected queries to reduce redundancy and capture broader
semantic diversity. In our later experiments, we show that our query selection method has two
main advantages over coreset selection: it is up to five times faster, and achieves up to 9.33% higher
EM and 7.83% higher F1 compared to the coreset-based alternative.

5 Hierarchical MEMORY-GUIDED MONTE CARLO TREE SEARCH
In this section, we first present how Monte Carlo Tree Search (MCTS) can be applied to RAG tuning
and analyze its limitations. We then propose a hierarchical memory-guided MCTS method, intro-
ducing a newly designed hierarchical graph memory structure and describing how its knowledge
is integrated into MCTS to overcome the limitations of direct MCTS-based tuning.

5.1 MCTS for RAG tuning
In this subsection, we first briefly review the MCTS, and then discuss how to use MCTS for RAG
tuning.

Algorithm 2: MCTS for RAG tuning

Input: Tuning iterations 𝑇
Output: Configuration with maximum reward

1 Initialize MCTS tree root 𝑣0;
2 foreach 𝑡 ← 1, 2, 3, · · · ,𝑇 do
3 𝑣𝑡 ← Select(𝑣0) ;
4 (𝑣 ′𝑡 , 𝑎𝑡 ) ← Expand(𝑣𝑡 ) ;

// Complete partial parameters randomly

5 𝜃𝑡 ← Rollout(𝑣 ′𝑡 ) ;
6 𝑅(𝑣𝑡 , 𝑎𝑡 ) ← 𝑓𝑄 (𝜃𝑡 ) ;
7 Backpropagation via equations (6) - (8);
8 return configuration with maximum reward;

Introduction of MCTS. MCTS is a widely used search algorithm for decision-making [38].
Given an objective and a set of possible actions, MCTS aims to identify the “best” sequence of
actions (i.e., an execution trajectory) that maximizes the expected reward for achieving the goal.
The key idea of MCTS is to iteratively simulate action sequences by traversing a search tree, where
each node represents a state and each edge corresponds to an action leading to a new state. At
every iteration, MCTS performs four steps: (1) Selection, traversing from the root to a leaf node by
recursively choosing, at each layer, the child node with the highest score; (2) Expansion, adding a
new child node to explore previously unvisited actions; (3) Simulation, conducting rollouts from
the new state to estimate potential outcomes; and (4) Backpropagation, updating the statistics (e.g.,
visit counts and average rewards) of nodes along the traversal path. Through repeated iterations,
MCTS gradually refines its estimates and guides the search towards action sequences with higher
expected rewards. In the context of RAG tuning, the configuration process is naturally formulated
as a sequential decision problem. As illustrated in Fig. 1, an advanced RAG pipeline consists of six
ordered modules that must be configured step by step. Specifically, the system first determines the
chunking strategy (e.g., splitting method and chunk size), and then selects the embedding model
based on the resulting chunks, followed by subsequent retrieval and generation components. Each
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Fig. 5. Illustration of MCTS for RAG tuning.

decision directly conditions the feasible choices and effectiveness of later stages, forming a tree-style
dependency chain over the configuration space. Therefore, MCTS is particularly well-suited for
RAG tuning, as it explicitly models sequential decisions and parameter dependencies, effectively
addressing Limitation L1 .

Using MCTS for RAG tuning. Motivated by the discussions above, we model the RAG tuning
problem as a tree-structured search process and employ MCTS to efficiently explore the config-
uration space. Formally, given a configuration space Θ consisting of 𝑚 tunable parameters, we
construct a directed search tree T = (𝑉 , 𝐸). Each node 𝑣 ∈ 𝑉 represents a partial configuration
in which the first several parameters have been assigned, while each edge 𝑒 ∈ 𝐸 corresponds to
selecting a specific value for the next parameter, thereby extending the current configuration. The
tree has depth𝑚, where a node at depth 𝑖 encodes a partial assignment of the first 𝑖 parameters.
Consequently, each root-to-leaf path uniquely defines a complete configuration 𝜃 ∈ Θ, which can
be instantiated into a concrete RAG pipeline for evaluation. Following this formulation, MCTS
iteratively performs the following four steps: selection, expansion, evaluation, and backpropaga-
tion to progressively identify high-quality configurations. The detailed procedure is presented in
Algorithm 2.

1 Selection. At each iteration, MCTS starts from the root node 𝑣0 and recursively traverses the
search tree until reaching a leaf node 𝑣𝑡 by selecting, at each step, the child node with the highest
selection score (line 3 in Algorithm 2). We adopt the Upper Confidence Bound for Trees (UCT) [38]
as the selection policy to balance exploration and exploitation.

Specifically, for a state 𝑣 and an action 𝑎 ∈ A(𝑣), where A(𝑣) denotes the set of feasible actions
from 𝑣 , the UCT score is:

𝑈 (𝑣, 𝑎) = 𝑅(𝑣, 𝑎)
𝑁 (𝑣, 𝑎) + 𝑐 ·

√︄
ln𝑁 (𝑣)
𝑁 (𝑣, 𝑎) , (4)

where 𝑅(𝑣, 𝑎) is the cumulative reward obtained by executing action 𝑎 at state 𝑣 , 𝑁 (𝑣, 𝑎) is the
number of times action 𝑎 has been taken from 𝑣 , and 𝑁 (𝑣) is the total number of visits to 𝑣 . The
constant 𝑐 balances exploration and exploitation.

2 Expansion. At the 𝑡-th iteration, if the selected node 𝑣𝑡 is not at the final depth𝑚 or is not
fully expanded (i.e., there exists an untried action in A(𝑣𝑡 )), the algorithm randomly selects one
such unexplored action 𝑎𝑡 . Executing 𝑎𝑡 generates a new child node 𝑣 ′𝑡 , which is then added to the
search tree (line 4).

3 Simulation. Given the newly expanded node 𝑣 ′𝑡 at depth 𝑖 , MCTS performs a rollout to
complete the remaining𝑚 − 𝑖 parameters, thereby constructing a full configuration 𝜃𝑡 (lines 5–6).
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A common strategy is random rollout, where the remaining parameters are sampled uniformly at
random and combined with the partial configuration defined by the path to 𝑣 ′𝑡 .

4 Backpropagation. After evaluating the completed configuration 𝜃𝑡 and obtaining the reward
𝑅(𝑣𝑡 , 𝑎𝑡 ) = 𝑓𝑄 (𝜃𝑡 ), the reward is propagated backward along the traversal path to update all visited
state–action pairs. Let Π𝑡 denote the search path in the 𝑡-th iteration, represented as a sequence of
state–action pairs:

Π𝑡 = {(𝑣1
𝑡 , 𝑎

1
𝑡 ), (𝑣2

𝑡 , 𝑎
2
𝑡 ), . . . , (𝑣𝑚𝑡 , 𝑎𝑚𝑡 )} (5)

where each 𝑣𝑖𝑡 ∈ 𝑉 is a node, and 𝑎𝑖𝑡 is the applied action at that node. For each pair (𝑣𝑖𝑡 , 𝑎𝑖𝑡 ) ∈ Π𝑡 ,
we update the following three statistics as follows:

𝑅(𝑣𝑖𝑡 , 𝑎𝑖𝑡 ) ← 𝑅(𝑣𝑖𝑡 , 𝑎𝑖𝑡 ) + 𝑅(𝑣𝑖𝑡 , 𝑎𝑖𝑡 ) (6)
𝑁 (𝑣𝑖𝑡 ) ← 𝑁 (𝑣𝑖𝑡 ) + 1 (7)

𝑁 (𝑣𝑖𝑡 , 𝑎𝑖𝑡 ) ← 𝑁 (𝑣𝑖𝑡 , 𝑎𝑖𝑡 ) + 1 (8)

Example 2. Fig. 5 illustrates an example of using MCTS for RAG tuning. Each iteration begins at
the root node. The algorithm traverses the tree by repeatedly selecting the node with the highest UCT
score until it reaches an expandable node. From there, the algorithm expands the tree by randomly
choosing an untried action (in this case, selecting an embedding model) to create a new node. Next, a
simulation (or rollout) is performed from the current state to obtain a reward. Finally, this reward is
used to update the statistics of all nodes along the path back to the root, which is highlighted in black
in this figure.

Limitations of using MCTS for RAG tuning. So far, limitation L1 can be effectively ad-
dressed. While we observe that directly applying MCTS for RAG tuning still has some limitations:
1) Low exploration efficiency. MCTS only relies on the final reward for backpropagation and does

not explicitly leverage intermediate trajectories or historical search experience. This delayed credit
assignment makes it difficult to identify which parameter choices contribute to strong performance [70],
leading to repeated exploration of suboptimal regions. 2) Unreliable random rollouts. The simulation
phase randomly completes partial configurations, often generating implausible or incompatible pa-
rameter combinations. Such blind rollouts introduce high reward variance and provide noisy guidance
for tree expansion. 3) Excessive evaluation cost. Each intermediate configuration in the tuning pro-
cess (i.e., each node) requires executing the entire set of queries on the RAG pipeline under that
configuration and evaluating the results to generate scores for subsequent search. This exhaustive
evaluation incurs a high computational cost.

To overcome the limitations of vanilla MCTS, we resort to the principle of human learning
from experience by distilling historical tuning trajectories into a hierarchical memory structure,
termed the Search Experience Bank (SE-Bank), and proposing a memory-guided MCTS frame-
work (MG-MCTS). By replacing random rollouts with memory-guided simulations and introducing
a memory-guided evaluation module, MG-MCTS enables informed exploration and substantially
reduces tuning cost. We next present the memory design and its integration into MCTS.

5.2 The Hierarchical Graph Memory
In this subsection, we introduce the structure of our hierarchical graph memory, termed SE-Bank,
which organizes search experiences from the MCTS tuning process into a structured multi-layer
graph.

The structure of SE-Bank. We design SE-Bank as a three-layer hierarchical graphM, where
each layer stores search knowledge at a different level of abstraction. From bottom to top, the
information becomes progressively more abstract and generalizable, forming a cognitive-style

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 194. Publication date: June 2026.



HAMMER: An Automatic RAG Tuning System via Hierarchical Memory-Guided Monte Carlo Tree Search 194:13

Config

Query

Insight

Who is Mugain's mother?
Trajectory:
[docs, rereank, …..]

splitter: sentence,
chunk_size: 256,
emb_model:bge-m3}
score:{avg_f1: 0.549,...}

Hybrid index contributes 
positively to retrieving 

SE-Bank

Config
Query
Insight

New nodes

update

Fig. 6. The overview of SE-Bank.

memory hierarchy that transforms raw tuning experiences into reusable knowledge. This design
captures useful information at different levels of granularity, enabling effective abstraction, storage,
and reuse of historical knowledge.

An overview of SE-Bank is illustrated in Fig. 6. It consists of three interconnected layers:
Query Graph, which represents individual queries and preserves their fine-grained execu-

tion traces.
Configuration Graph, where each node corresponds to a concrete RAG configuration and

stores the performance behavior of queries under that configuration.
Insight Graph, which captures distilled knowledge and performance patterns from histori-

cal tuning trajectories, where each node corresponds to reusable textual insights.
We formally model SE-Bank as a three-layer hierarchical graphM = {G (𝑄 )query,GConfig,GInsight},

where each layer captures search experience at a distinct level of abstraction.
Query Graph. For a query set 𝑄 , we define the query graph G (𝑄 )query = (V𝑄 , E𝑄 ), whereV𝑄 =

{(𝑞𝑖 ,T𝑖 , 𝑟𝑖 )} |𝑄 |𝑖=1 . Here, each vertex corresponds to a query 𝑞𝑖 ∈ 𝑄 , together with its execution record:
T𝑖 denotes the RAG execution trace of𝑞𝑖 , including the retrieved chunks and the generated responses
from the LLM; 𝑟𝑖 represents the evaluation result of 𝑞 𝑗 (e.g., 𝑟𝑖 = 1 if the response is correct and
𝑟𝑖 = 0 otherwise). The edges E𝑄 ⊆ V𝑄 × V𝑄 encode semantic similarity relationships between
queries. The query graph preserves fine-grained execution behavior and outcome feedback, serving
as the experience unit for memory construction.

Configuration Graph. The configuration graph, which records explored configurations along
with their corresponding performance on previously evaluated query sets, is defined as follows:

GConfig = (V𝐶 , E𝐶 ) =
(
{𝜃𝑖 ,G (𝑄𝑖 )

query, 𝑓𝑄𝑖
(𝜃𝑖 )} |V𝐶 |

𝑖=1 , E𝐶
)
, (9)

whereV𝐶={𝑐𝑖 } is the node set, node 𝑐𝑖={𝜃𝑖 , G (𝑄𝑖 )
query, 𝑓𝑄𝑖

(𝜃𝑖 )}, and the edges E𝐶 ⊆ V𝐶 ×V𝐶 encode
semantic relationships between configurations.

The edges between the query layer and the configuration layer record the execution history:
they tell us which configuration was applied to which query, along with the observed performance,
such as the F1-score or accuracy.

Insight Graph. The highest-level insight graph is defined as:

GInsight = (V𝐼 , E𝐼 ) = (⟨Δ𝑖 ,Ω𝑖⟩︸   ︷︷   ︸
𝜆𝑖

|V𝐼 |
𝑖=1 , E𝐼 ), (10)
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where the node setV𝐼={𝜆𝑖 } represents distilled insights, each node 𝜆𝑖 is composed of the insight
content Δ𝑖 and the set of supporting configurations Ω𝑖 ⊆ V𝐶 . The edges E𝐼 ⊆ V𝐼 × V𝐼 × V𝐶 ,
forming hyper-connections.

Construction of SE-Bank. The SE-Bank is built incrementally, mirroring the continuous learning
process of humans. During RAG tuning, when a new configuration 𝜃 is evaluated on a selected
set of queries (𝑄𝑖 ), both the configuration graph and the query graph are updated accordingly.
In the configuration graph, 𝜃 is connected to its similar configurations, capturing relationships
among parameter settings. Finally, high-level insights are distilled from configurations and queries
by prompting the LLM. The prompt is illustrated in the supplementary material [112]. As shown
in Fig. 6, the orange nodes represent newly added entries, depicting the process of updating the
memory. Through this hierarchical design, SE-Bank bridges fine-grained execution feedback and
high-level tuning strategies. The Query Graph preserves detailed experiences, the Configuration
Graph summarizes performance behavior, and the Insight Graph abstracts reusable knowledge. This
multi-layer structure directly supports the memory-guided simulation and evaluation mechanisms
introduced in the following subsection, allowing MG-MCTS to replace blind random rollouts with
informed exploration driven by accumulated tuning experience.

5.3 The MG-MCTS Algorithm
In this subsection, we present our carefully designed hierarchical memory-guided MCTS algorithm,
MG-MCTS, which aims to overcome the limitations of directly applying MCTS to RAG tuning.

The key idea of MG-MCTS. The main idea of MG-MCTS is to leverage reusable knowledge stored in
SE-Bank to guide the entire RAG tuning process. It consists of two key modules: 1) memory-guided
simulation and 2) memory-guided evaluation, designed to improve exploration efficiency and reduce
expensive configuration evaluation. Specifically, in memory-guided simulation module, we replace
random rollouts in MCTS with experience-driven guidance by reusing knowledge distilled from
historical tuning trajectories. It leverages the knowledge stored in SE-Bank to prompt the LLM
for completing partial configurations. In the memory-guided evaluation module, to further reduce
the tuning cost of each MCTS iteration, we evaluate configurations using only a small randomly
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sampled subset of queries and then exploit historical experiences and distilled insights in SE-Bank
to refine this approximate reward. In Fig. 7, we show the overview of these two components.

Memory-guided simulation. Instead of relying on random rollouts as MCTS does, MG-MCTS
uses memory-guided simulation. Given a partial configuration 𝜃par, it first retrieves top-𝑘 similar
configurations from the configuration graph GConfig and then collects the corresponding insights
from the insight graph GInsight through the edges connecting the two graphs. By analyzing these
similar configurations and their evaluated results, together with high-level insights, we prompt the
LLM to fill in the remaining𝑚− |𝜃par | parameters, where the prompt is shown in the supplementary
material. By analyzing retrieved historical configurations and their associated insights, LLMs infer
effective and ineffective parameter choices to guide configuration completion. This experience-
driven rollout replaces random rollouts with informed simulation, while the textual insights merely
capture coarse-grained feedback, enabling the model to propose more plausible configurations and
effectively address Limitation L2 .

Example 3. In Fig. 8, we show the process of memory-guided simulation. When a partial configu-
ration is provided, the system retrieves three similar past configurations along with a related insight
indicating that the finance_2 embedding model is unsuitable for the current domain and that overly
large retrieval sizes can degrade performance. Guided by this knowledge, the LLM selects bge-m3
as the embedding model and sets the retrieval top-𝑘 to 15, resulting in a more effective completed
configuration.

Memory-guided evaluation. To further reduce the tuning cost at each MCTS iteration, we
introduce a memory-guided evaluation mechanism inspired by stochastic gradient descent (SGD) [3],
which approximates full objectives using small mini-batches. Specifically, given a configuration 𝜃
and a query set 𝑄 , instead of evaluating 𝜃 on all queries, we first randomly sample a subset 𝐵𝑄 ⊂ 𝑄
to obtain a partial score 𝑓𝐵𝑄

(𝜃 ). Afterwards, to compensate for the unobserved queries, we retrieve
the top-𝑘 most similar historical configurations of 𝜃 from the configuration graph GConfig and
leverage their recorded evaluation results and corresponding insights stored in SE-Bank to refine
this partial score, yielding an enhanced estimate 𝑓 ′

𝐵𝑄
(𝜃 ). The key insight is that for the remaining

queries 𝑄 \ 𝐵𝑄 , their performance under a new configuration 𝜃 can be estimated using historical
evaluation results together with corresponding insights that capture effective and ineffective
parameter choices stored in SE-Bank, enabling experience-based approximation without explicit
re-evaluation. Thus, 𝑓 ′

𝐵𝑄
(𝜃 ) provides an efficient yet accurate approximation of the full evaluation

𝑓𝑄 (𝜃 ).
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Algorithm 3: MG-MCTS
Input: Tuning iterations 𝑇 , and dataset info 𝐷info

Output: Best configuration found
1 Initialize MCTS tree root 𝑣0 and SE-BankM;
2 foreach 𝑡 ← 1, 2, 3, · · · ,𝑇 do
3 𝑣𝑡 ← Select(𝑣0);
4 (𝑣 ′𝑡 , 𝑎𝑡 ) ← Expand(𝑣𝑡 );
5 𝜃𝑡 ← run memory-guided simulation viaM;
6 𝑅(𝑣𝑡 , 𝑎𝑡 ) ← run memory-guided evaluation viaM ;
7 M ← update the memory via 𝑣 ′𝑡 , and 𝑅(𝑣𝑡 , 𝑎𝑡 );
8 return configuration with maximum reward;

By integrating these two memory-guided modules into the MCTS-based RAG tuning process,
we obtain the MG-MCTS algorithm, as shown in Algorithm 3. In particular, when a new state 𝑣 ′𝑡
(i.e., a partial configuration) is expanded during the MCTS process (lines 3–4), SE-Bank retrieves
similar configurations from the configuration graph GConfig, then traverses upward (configuration
⇒ insight) to exploit high-level knowledge and downward (configuration⇒ query) to retrieve fine-
grained execution records. These retrieved configurations and insights are then used in the memory-
guided simulation and evaluation (lines 5-6) After each iteration, all three layers are updated with
new insights, enriched query records, and refined configuration relationships, ensuring continuous
accumulation and reuse of tuning knowledge (line 7).

Remark. We understand that in some practical settings, the gold data may not be available. To
tackle this issue, there are several possible methods to obtain the reward signals, to name a few: 1)
We can design a human-in-the-loop feedback strategy by incorporating expert feedback, such as
acceptance, rejection, or refinement, as high-quality reward signals. 2) We can leverage powerful
LLMs (e.g., ChatGPT 5.2) as proxy evaluators to assess answer faithfulness, relevance, or confidence,
producing approximate scalar reward signals. Notably, our memory-guided evaluation module,
following the same principle, has empirically demonstrated the feasibility of such proxy-based
feedback. 3) We can also strategically combine the above two methods, since human feedback is
expensive and LLMs may not be fully reliable. For example, for simple queries, we directly rely on
LLM-based evaluation, while for complicated cases, we escalate the evaluation to human experts
for verification. By doing so, we believe that our approach will remain effective for RAG tuning in
real-world deployments.

6 Experiments
We now present the experimental results. Section 6.1 discusses the setup. We discuss the results in
Sections 6.2 and 6.3.

6.1 Setup
Benchmark datasets. We employ eight real-world datasets to evaluate the performance of graph-

based RAG methods. These datasets cover diverse domains, including multi-hop reasoning, scientific
inquiry, and medical question answering, ensuring both breadth and challenge in evaluation. Their
statistics, including the numbers of tokens and questions as well as their corresponding domains, are
summarized in Table 1. Besides, due to resource limitations, for some datasets (e.g., HotpotQA and
PopQA), we randomly sample a subset of queries from the full query set for tuning and evaluation,
since RAG tuning is computationally expensive and requires repeatedly executing the retrieval
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Table 1. Statistics of the datasets used in our experiments.

Dataset # of Tokens # of Questions Domain

MedQA [37] 262,958 1,113 Medicine
FiQA [97] 1,852,155 437 Finance
2WikiMultiHopQA (2Wiki) [26] 640,205 875 Wikipedia
HotpotQA [98] 1,239,838 875 Wikipedia
PopQA [65] 16,638 875 Wikipedia
QuaRTZ [86] 47,641 684 Science
Web Questions (WebQuest) [2] 31,075 1,777 Web pages
ELI5 [17] 716,782 1,317 Social Media

and generation pipeline under different configurations. While this sampling strategy allows us
to conduct controlled experiments within a reasonable computational budget, it may not fully
capture the complete query workload distribution of the datasets. Exploring the effectiveness of
RAG tuning over the entire query set remains an important direction for future work. Detailed
descriptions of each dataset are provided in the supplementary material [112].

Competitors. We evaluate the following RAG tuning methods:

• Random: A naive hyperparameter optimization (HPO) method that uniformly samples config-
urations at random from the search space.

• Greedy: A standard greedy optimizer that tunes one hyperparameter at a time while keeping
others fixed, following the execution flow of the RAG pipeline.

• GreedyE: An enhanced greedy strategy that prioritizes optimizing the embedding model
before tuning the remaining pipeline parameters (e.g., chunk size, top-𝑘).

• TGreedy: A variant of greedy search that first optimizes retrieval-related parameters and
subsequently tunes the remaining parameters in the pipeline.

• Grid: A method that evaluates every possible combination of hyperparameters within a
discretized search space.

• Syftr: A SOTA method that uses the Tree-structured Parzen Estimator (TPE)-based Bayesian
optimization (BO).

• AutoRAG [21]: a multi-armed bandit–based method for hyperparameter selection in RAG
pipeline;

• LLM-TPE: an LLM-enhanced TPE-based Bayesian optimization approach for RAG tuning,
inspired by [61].

• GPBO [1]: a Gaussian Process–based Bayesian optimization approach for LLM-based system
optimization.

• HAMMER: our proposed RAG tuning method in Section 5.
We identified several techniques that are partially related to our setting [78, 79]. Specifically,

[78] focuses on selecting suitable RAG parameters under resource constraints by prompting LLMs.
In our paper, we also evaluated a similar strategy that directly uses an LLM to select parameters
for a given query and RAG pipeline (denoted as LLM-Only). In addition, the methods in [79] are
entirely covered by the benchmark study [73], which is already included in our evaluation.

Evaluation metrics. To accurately assess performance across different types of QA tasks, we
adopt several standardized evaluation metrics [35, 46, 66]. Specifically, we use F1-score (F1), Accu-
racy, and Exact Match (EM) to evaluate whether the generated answers are correctly included in or
exactly match the ground-truth answers. In addition, we employ Faithfulness [66] and ROUGE-
L [54] to assess the factual consistency and textual similarity of the generated answers with respect
to the reference answers.
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Table 2. Detailed performance comparison of different tuning algorithms across eight datasets, where
shaded areas indicate the best results and orange marks the second-best results.

Dataset Metric Random Greedy GreedyE TGreedy Grid Syftr AutoRAG LLM-TPE GPBO HAMMER

MedQA
F1 50.8 49.9 51.0 50.1 50.6 51.2 50.9 47.8 50.2 54.3 (△6.1%)
EM 13.9 13.7 13.6 14.7 14.6 13.9 12.6 11.6 13.4 17.2 (△17.0%)
Accuracy 60.4 62.4 61.5 60.5 60.7 61.5 61.8 60.9 60.6 66.9 (△7.2%)
ROUGE-L 50.1 49.1 51.0 50.8 50.8 50.9 47.1 48.7 50.2 51.8 (△1.6%)

FiQA
F1 24.8 24.0 22.8 26.6 25.2 21.1 24.7 24.1 26.2 30.3 (△13.9%)
Faithfulness 54.0 52.5 51.4 48.3 52.3 56.1 55.8 48.7 51.5 62.7 (△11.8%)
ROUGE-L 12.3 10.8 8.7 9.9 11.4 12.0 12.1 10.4 11.2 13.6 (△10.6%)

2Wiki
F1 38.7 40.7 39.9 42.4 39.9 41.1 41.6 39.6 42.5 47.1 (△10.8%)
EM 29.6 28.6 29.7 31.4 30.1 30.7 31.1 28.9 30.7 37.7 (△20.1%)
Accuracy 41.4 44.0 43.2 46.0 43.3 44.6 41.9 41.2 44.6 50.6 (△10.0%)
ROUGE-L 40.2 38.0 39.1 41.3 41.8 42.4 39.8 38.9 42.3 47.1 (△11.1%)

HotpotQA

F1 49.7 55.0 44.1 50.6 50.3 54.4 50.8 54.4 52.1 63.4 (△15.2%)
EM 39.2 40.9 38.4 39.0 37.0 39.6 40.4 40.8 41.7 44.4 (△6.5%)
Accuracy 58.5 55.3 55.5 58.1 51.9 56.0 53.2 52.1 50.8 66.3 (△13.3%)
Faithfulness 83.7 81.4 78.0 78.9 82.4 81.1 73.9 83.6 78.3 86.9 (△3.8%)
ROUGE-L 54.7 50.7 49.7 48.5 49.0 48.8 53.4 52.1 52.0 63.3 (△15.7%)

PopQA
F1 52.0 59.8 56.1 62.1 63.6 65.3 64.9 58.9 61.2 69.7 (△6.7%)
EM 50.0 57.7 55.5 59.9 61.3 63.1 60.8 54.2 58.6 67.4 (△6.8%)
Accuracy 61.0 62.1 62.5 62.9 61.5 63.2 59.9 66.8 61.7 67.7 (△1.3%)
ROUGE-L 53.0 58.4 57.3 61.8 64.0 65.1 60.6 67.3 62.1 69.7 (△3.6%)

QuaRTZ F1 72.5 74.6 74.1 75.5 75.1 73.0 71.6 74.6 74.4 82.1 (△8.7%)
Accuracy 75.8 78.1 77.6 79.2 78.6 75.8 78.3 77.3 77.8 86.3 (△9.0%)

WebQuest
F1 18.3 16.5 18.0 18.3 17.8 17.7 18.2 16.5 17.7 20.2 (△10.4%)
EM 5.9 5.1 7.7 7.2 6.3 6.1 7.6 7.6 7.1 8.2 (△6.5%)
Accuracy 28.5 27.2 27.3 29.2 27.9 27.6 26.4 26.9 28.6 31.8 (△8.9%)

Eli5
F1 9.6 10.0 9.8 9.9 10.1 10.1 9.8 10.1 10.3 11.3 (△9.7%)
Accuracy 26.3 24.2 25.2 26.5 19.8 27.0 25.9 26.8 25.7 29.4 (△8.9%)
ROUGE-L 7.9 7.5 7.7 8.1 8.2 8.3 8.5 7.9 7.9 9.0 (△5.9%)

Tuning setting. For all HPO-based methods, we set the maximum number of tuning iterations
to 50. For fairness, our method also performs 50 simulations and evaluations to align with them. For
each dataset, we split the query set in an 8:2 ratio, using 80% as the training set for tuning the RAG
system and the remaining 20% as the test set for evaluating the performance of each RAG tuning
method. Unless otherwise specified, all experimental results reported in this paper are obtained on
the test set. Note that our study does not focus on tuning the generation model itself; instead, we
evaluate all methods across different LLMs. Specifically, we use Qwen2.5-7B [96] as the default
model, as it demonstrates remarkable performance among open-source models of similar scale. In
addition, we also test DeepSeek-R1-32B [25], Qwen2.5-72B [96], and GPT-4o-mini [72], covering
reasoning-oriented models, different model sizes, and a representative model from the GPT family.
Note that all experiments are conducted on four NVIDIA A5000 GPUs, each equipped with 24 GB of
memory. For the models Qwen2.5-72B and GPT-4o-mini, we used external API services. All methods
share the same configuration space, which includes 13 tunable parameters (i.e., 𝑚 = |Θ| = 13),
covering various aspects such as chunk splitting strategies, chunk sizes, embedding models, and
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Figure 12: F1-Score variance with iterations.

tained by di�erent tuning methods after ) tuning iterations across
four datasets, where ) ranges from 10 to 50, while more results
are provided in the supplementary material. This indicates that
HAMMER is able to e�ectively accumulate useful tuning experience
and progressively identify better con�gurations, leading to stronger
generalization to unseen queries. In contrast, the other methods
show noticeable �uctuations and even performance degradation as

) grows, suggesting unstable search trajectories and a tendency to
over�t intermediate evaluations. We also note that on the training
set, all methods exhibit an overall increasing trend as tuning pro-
gresses. However, from a practical perspective, the performance
on the testing set is more critical, since real-world RAG systems
must generalize to unseen user queries. From this view, HAMMER
demonstrates clear superiority in robustness and generalization.

Fig. 9. Token costs of RAG tuning methods.
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tained by di�erent tuning methods after ) tuning iterations across
four datasets, where ) ranges from 10 to 50, while more results
are provided in the supplementary material. This indicates that
HAMMER is able to e�ectively accumulate useful tuning experience
and progressively identify better con�gurations, leading to stronger
generalization to unseen queries. In contrast, the other methods
show noticeable �uctuations and even performance degradation as

) grows, suggesting unstable search trajectories and a tendency to
over�t intermediate evaluations. We also note that on the training
set, all methods exhibit an overall increasing trend as tuning pro-
gresses. However, from a practical perspective, the performance
on the testing set is more critical, since real-world RAG systems
must generalize to unseen user queries. From this view, HAMMER
demonstrates clear superiority in robustness and generalization.

Fig. 10. Time costs of RAG tuning methods.

Table 3. Comparison with directly using LLM methods.

Model FiQA 2Wiki HotpotQA QuaRTZ

F1 Faithfulness ROUGE-L F1 EM Accuracy F1 EM Accuracy Faithfulness F1 Accuracy

MCTS-LLM 27.9 56.4 10.7 45.0 32.0 49.4 52.6 42.1 58.9 85.2 80.2 84.4
LLM-only 22.3 52.1 8.4 39.5 28.8 43.3 41.9 37.6 61.7 78.0 75.5 79.1
HAMMER 30.3 62.7 13.6 47.1 37.7 50.6 63.4 44.4 66.3 86.9 82.1 86.3

reranking models. The detailed descriptions of each parameter and its corresponding domain are
provided in our supplementary material.

6.2 Comparison with the existing methods
Exp.1. Overall performance. We report the metric values of all methods on various QA tasks

in Table 2. We can make the following observations and analyses: 1) Our system HAMMER signif-
icantly outperforms all baseline methods, achieving the best performance across different task
types and domain-specific corpora under all evaluation metrics. Specifically, HAMMER improves
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Fig. 11. F1-Score variance with iterations.

F1-score by up to 15.2%, accuracy by 13.3%, and exact match by 20.0%, respectively, demonstrating
its superior effectiveness in RAG tuning. This improvement stems from HAMMER’s ability to leverage
the knowledge stored in the hierarchical graph memory SE-Bank, which provides informative,
experience-driven guidance throughout the tuning process. While existing HPO-based methods
overlook such historical experience. 2) Typically, the TGreedy and Syftr achieve the best per-
formance among all compared methods, while the remaining methods exhibit mixed results but
consistently underperform compared to HAMMER. The LLM-TPE does not always perform better
than Syftr, which also aligns with our analysis in Section 2.4. This demonstrates that our query
selection module effectively identifies the most representative queries, and the memory-guided
evaluation provides sufficient guidance for reliable performance assessment.

Exp.2. Token costs and time costs. In this experiment, we report the token and time costs
of each RAG tuning method in Figs. 9 and 10, respectively. As shown, our system HAMMER reduces
both tuning time and token consumption by up to 9× compared to existing HPO-based methods.
For example, on the PopQA dataset, HAMMER only takes 996,188 tokens, while the existing methods
at least take 9,028,325 tokens. This improvement stems from two key factors: 1) the query selection
module significantly lowers the number of queries involved in each tuning iteration, thereby
reducing computational cost, and 2) the memory-guided evaluation module further decreases the
cost by evaluating only a small subset of representative queries instead of the entire query set.
Notably, despite the substantially lower cost, HAMMER still achieves the best tuning performance, as
discussed earlier. The results are provided in the supplementary material due to space constraints.

Exp.3. Effect of 𝑇 . In Fig. 11, we report the performance of advanced RAG pipelines on the
testing set using configurations obtained by different tuning methods after𝑇 tuning iterations across
four datasets, where 𝑇 ranges from 10 to 50, while more results are provided in the supplementary
material. This indicates that HAMMER is able to effectively accumulate useful tuning experience and
progressively identify better configurations, leading to stronger generalization to unseen queries.
In contrast, the other methods show noticeable fluctuations and even performance degradation as
𝑇 grows, suggesting unstable search trajectories and a tendency to overfit intermediate evaluations.
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Table 4. Performance comparison of HAMMER variants.

Model FiQA 2Wiki HotpotQA QuaRTZ

F1 EM Accuracy EM Accuracy F1 Accuracy

HAMMER-Sim 21.5 31.9 46.6 39.2 58.4 77.8 83.5
HAMMER-Eva 27.4 30.5 45.2 40.2 57.0 75.4 81.5
HAMMER 30.3 37.7 50.6 44.4 66.3 82.1 86.3

Table 5. Performance comparison of variant models.

Model FiQA 2Wiki HotpotQA QuaRTZ

F1 EM Accuracy EM Accuracy F1 Accuracy

Qwen2.5-7B 30.3 37.7 50.6 44.4 66.3 82.1 86.3
DeepSeek-R1-32B 29.6 37.5 54.5 48.4 65.5 88.0 94.1
Qwen-2.5-72B 28.9 44.1 62.9 50.6 73.2 89.5 94.9
GPT-4o-mini 31.4 42.6 58.5 49.7 69.8 88.5 94.9

We also note that on the training set, all methods exhibit an overall increasing trend as tuning
progresses. However, from a practical perspective, the performance on the testing set is more
critical, since real-world RAG systems must generalize to unseen user queries. From this view,
HAMMER demonstrates clear superiority in robustness and generalization.

Exp.4.Comparison with directly using LLM methods. In this experiment, we aim to
demonstrate that directly using LLMs for RAG tuning is ineffective, primarily due to the lack of
rich external knowledge to guide the LLM’s decision process, unlike database knob tuning, which
can leverage comprehensive DBMS manuals, as analyzed in Section 2.4. Specifically, we design two
variants: MCTS-LLM, which replaces random simulations with LLM-guided rollouts and employs the
LLM to complete partial configurations; and LLM-only, which relies solely on the LLM to select the
optimal configuration based on corpus and query information. As shown in Table 3, both MCTS-LLM
and LLM-only exhibit inferior performance, lower than our system HAMMER. This result supports
our claim that directly applying LLMs to RAG tuning is unreliable and suboptimal.

6.3 Detailed analysis of HAMMER
In this subsection, we provide an in-depth analysis of why and how HAMMER achieves superior
performance, from four perspectives.

Exp.1. Ablation study. In this experiment, we conduct an ablation study for HAMMER by
progressively removing its key memory-guided components. Specifically, we create two variants:
HAMMER-Sim, which removes the memory-guided simulation component, and HAMMER-Eva, which
removes the memory-guided evaluation component. The results, shown in Table 4, reveal that:
1) Both HAMMER-Sim and HAMMER-Eva perform worse than the full HAMMER, confirming that both
components contribute effectively. The former replaces the random rollout with memory-guided
simulation, enabling more informed exploration, while the latter refines the evaluation process
using insights from SE-Bank, ensuring more reliable feedback. 2) Notably, HAMMER-Sim, which still
evaluates configurations using the entire query set, performs worse than HAMMER. This indicates
that our memory-guided evaluation not only approximates the full evaluation effectively but also
refines it through LLM-based correction, achieving even higher reliability and efficiency. The results
on the other metrics are shown in the supplementary material.
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Table 6. Performance of HAMMER under different query selection strategies.

Method
MedQA FiQA 2Wiki HotpotQA PopQA QuaRTZ WebQuest Eli5

F1 EM Acc F1 F1 EM Acc F1 EM Acc F1 EM Acc F1 Acc F1 EM Acc F1 Acc
HAMMER (Coreset) 52.6 15.8 63.5 28.1 44.5 35.3 48.0 59.5 43.3 60.1 66.2 64.1 64.5 78.8 82.5 18.8 7.5 29.6 10.5 27.2
HAMMER (Query) 54.3 17.2 66.9 30.3 47.1 37.7 50.6 63.4 44.4 66.3 69.7 67.4 67.7 82.1 86.3 20.2 8.2 31.8 11.3 29.4

Table 7. Performance comparison between HAMMER and HAMMER-Full across all datasets.

Method
MedQA FiQA 2Wiki HotpotQA PopQA QuaRTZ WebQuest Eli5

F1 EM Acc F1 F1 EM Acc F1 EM Acc F1 EM Acc F1 Acc F1 EM Acc F1 Acc

HAMMER 54.3 17.2 66.9 30.3 47.1 37.7 50.6 63.4 44.4 66.3 69.7 67.4 67.7 82.1 86.3 20.2 8.2 31.8 11.3 29.4
HAMMER-Full 56.9 18.7 67.8 31.1 49.7 39.3 51.7 64.4 45.3 67.2 70.8 68.3 68.6 83.2 87.3 20.7 8.6 32.4 11.8 29.9

Exp.2. Effect of LLM backbones. We investigate the performance of HAMMER with different
LLM backbones. The results are shown in the Table 5, and we can see that generally, the more
powerful model typically generates higher performance. The results for other evaluation metrics
are provided in the supplementary material. We note that the generation model itself can also be
treated as a tunable parameter, which is a direction explored in prior studies on model selection [29].
However, we leave this as future work, as incorporating multiple large models into the tuning
configuration space would significantly increase computational cost.

Exp.3. Effect of query selection. In this experiment, we compare HAMMER using queries
selected by coreset [6] and by our strategy, denoted as HAMMER (Coreset) and HAMMER (Query).
As shown in Tables 6 and 8, we identify two main advantages of our method. 1) Our proposed query
selection method (Greedy) is significantly faster than the SOTA coreset selection approach [6]
(Coreset). On the 2Wiki and HotpotQA datasets, selecting 300 queries from the full set requires
14.68 s and 17.91 s for Coreset, whereas Greedy only takes 3.02 s and 4.65 s, respectively (exclud-
ing similarity preprocessing time). 2) The queries selected by our method lead to better tuning
performance than those chosen by the coreset. For example, HAMMER (Query) achieves up to 9.33%
higher EM and 7.83% higher F1-score compared to HAMMER (Coreset). When query selection is
directly applied to existing HPO baselines, their F1-scores drop noticeably (see the supplementary
material), whereas our method does not suffer from such degradation. To investigate this effect,
we introduce HAMMER-Full, which performs tuning using the full query set. As shown in Table 7,
HAMMER-Full yields only marginal F1-score improvements over our method while incurring ap-
proximately 9× higher tuning cost in both token consumption and runtime. This advantage stems
from three key designs: MCTS explicitly models parameter dependencies, knowledge in SE-Bank
guides effective exploration of high-quality configurations, and memory-guided evaluation enables
reliable optimization using only a small subset of queries by approximating remaining evaluations
from historical results and distilled insights.

Exp.4. Case study. To show the deployment process more clearly, we present its general
workflow in Fig. 12(a). Specifically, given the data in a specific domain, the practitioner first selects
a domain-appropriate RAG pipeline composed of multiple modules (e.g., chunking, retrieval, and
reranking), each exposing tunable parameters (e.g., chunk size and number 𝑘 of returned results).
Then, the practitioner uses HAMMER to identify the optimal configuration of these parameters. Finally,
we deploy the RAG pipeline with the optimal configuration.

Besides, we have provided a complete use case in Fig. 12(b), where the RAG pipeline is Advanced
RAG, which has six modules. The tunable parameters across the six modules, together with their
candidate values, collectively define the configuration space (e.g., chunk size in {128, 256, 512, 1024}
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Table 8. Running time of Coreset and Greedy.

Dataset Selecting time (s) Reduction ( CoresetGreedy )
Coreset Greedy

MedQA 22.05 4.92 4.48×
FiQA 9.64 2.47 3.90×
2Wiki 14.68 3.02 4.86×

HotpotQA 17.91 4.65 3.85×
PopQA 16.67 4.20 3.97×

QuaRTZ 12.72 3.55 3.58×

(a) The general workflow of  RAG system deployment

❶Select a 
RAG Pipeline

❹ Deploy 
RAG System

Finance Wikipedia

News Medicine

❸RAG Tuning 
via HAMMER

❷Identify the 
Config. Space Configuration 

Space 

RAG Pipeline Config.

Wikipedia Advanced RAG

(b) An example of  RAG configuration tuning and deployment via HAMMER
Domain-specific Data

Config. Space 

RAG Tuning 
via HAMMER

embed_model=bge-large
retrieval_method=hybrid
Top_k=15
……

Configuration obtained 
via HAMMER

RAG 
System

Wikipedia RAG System

Default
Configuration

Average F1=38.7
Average EM=29.6

embed_model=bge-m3
retrieval_method=dense
Top_k=30
……

embed_model=bge-large
retrieval_method=hybrid
Top_k=15
……

Wikipedia RAG System

Configuration
obtained via 

HAMMER

Average F1=47.1
Average EM=37.1

(c) Performance of  a RAG system under different configurations

(six modules) E.g., k in [3, 30]

Fig. 12. Illustrating how practitioners use HAMMER to tune and deploy a domain-specific RAG system.

and 𝑘 ∈ [3, 30]). Given tasks from the Wikipedia data, the advanced RAG pipeline and its corre-
sponding configuration space, HAMMER is used to automatically identify an optimal configuration
that maximizes end-to-end RAG performance. Once identified, the tuned RAG pipeline can be
deployed and reused to serve future queries from the same domain. This is because queries within
the same domain typically exhibit similar characteristics, which is a common phenomenon in
real-world domain-specific QA settings. In Fig. 12(c), we further demonstrate that the tuned system
always outperforms default configurations, highlighting its practical utility.

7 Related works
In this section, we first review related work on Retrieval-Augmented Generation (RAG) methods.
We then discuss hyperparameter optimization (HPO) techniques as applied in database systems.
• RAG methods. RAG has been proven to be very effective in migrating the “hallucination” of

LLMs [4, 8–10, 36, 82, 91, 100]. The key idea of the RAG technique relies on retrieving query-relevant
information from external knowledge bases. Recently, a number of agentic RAG approaches [28,
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59, 80, 101] have explored automatic RAG pipeline construction using agent-based or tree-search
strategies. These methods primarily focus on dynamically composing or restructuring pipeline
components for specific datasets. In contrast, our work targets configuration optimization once a
pipeline structure is fixed, providing a universal solution that can be readily applied to such agentic
RAG systems. While agentic RAG approaches also employ MCTS, we note that MCTS itself is a
general search paradigm that has been widely adopted in many sequential optimization tasks, such
as automatic rule using for SQL rewriting [108]. In contrast, the key contributions of our work lie
in the integration of query selection, structured memory design, and memory-guided MCTS to
enable efficient and stable RAG configuration tuning. Motivated by the rich developer knowledge in
database forums, recent studies [8, 11, 11, 18, 24, 42, 52, 53, 55–58, 58, 75, 81, 83, 85, 95, 107, 109, 110]
have increasingly leveraged RAG techniques to enhance database performance and optimization.
• HPO in database. HPO has become the backbone of modern AutoML and database knob

tuning systems [39]. Existing AutoML-based methods employ intelligent search strategies and
heuristics to efficiently explore configuration spaces over ad-hoc datasets [44]. Representative
techniques include Bayesian Optimization (BO) [33], and directed search [89, 93]. Recently, LLM-
driven AutoML approaches have been proposed to further enhance configuration exploration and
transferability [7, 61, 64, 77, 87]. For example, LLAMBO [61] integrates LLMs into the BO process,
which enables the LLM to iteratively propose and assess promising configurations conditioned on
historical evaluations.

In knob tuning, the most representative HPO-based approaches are BO–based methods [5, 15, 40,
88, 103]. Specifically, these methods iteratively explore the configuration space by approximating
the relationship between knobs and DBMS performance. Recently, LLM-assisted tuning systems
have also been explored, leveraging the reasoning capabilities and domain knowledge of LLMs, such
as information from DBMS manuals and community forums, to predict promising configurations,
interpret workload behaviors, and generate adaptive tuning rules [24, 31, 42, 43, 49, 84]. As discussed
earlier, the successful applications of LLM-based HPO methods in knob tuning cannot be directly
transferred to RAG tuning.

8 Conclusions
In this paper, we investigate the problem of Retrieval-Augmented Generation (RAG) tuning. Existing
solutions mainly rely on hyperparameter optimization (HPO) methods, which overlook parameter
dependencies, provide unreliable tuning guidance, and incur substantial tuning costs. To address
these issues, we propose HAMMER, a hierarchical memory-guided Monte Carlo Tree Search (MCTS)
system for RAG tuning. By distilling knowledge from historical tuning records and leveraging it to
guide future optimization, HAMMER enables more reliable and knowledge-driven tuning. Extensive
experiments on eight real-world datasets show that HAMMER improves exact match by up to 20.0%
and F1-score by 15.2%, while reducing both tuning time and token consumption by up to 9×. In
future work, we aim to extend the core ideas of our approach to other RAG paradigms, such as
graph-based RAG or agentic RAG systems and to explore tuning strategies that do not rely on gold
data.
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