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Large Language Model (LLM) question answering (QA) is essential for various real-world applications. As the

demand for LLMs in domain-specific, up-to-date, and private scenarios increases, equipping them with large

external corpus for QA, referred to long-context LLMQA, becomes critical. However, existing methods struggle

to balance the comprehensive retrieval of scattered information required for accurate QA with the high token

costs of long-context processing. We identify two major causes of this bottleneck: (1) limited retrieval
coverage under complex queries and large input scales, and (2) repeated document access enforced by

rigid query-by-query processing. In this paper, we introduce a cost-effective Retrieval-Augmented Generation

Sketch (RAG-Sketch) for long-context LLM QA. To enable more thorough information retrieval without

exhaustive context traversal, we propose a new skyline retrieval module incorporating query decomposition

into a pre-defined schema. This approach retrieves Pareto optimal chunks by jointly considering semantic

similarity and the presence of key information within the decomposed queries. Based on retrieved chunks,

we formally define a set cover chunk merging optimization problem and proposes a greedy algorithm with

theoretical guarantees that effectively reduces redundant access. Our experiments on widely used long-context

QA benchmarks demonstrate that RAG-Sketch improves prediction accuracy by 24.5% while reducing token

costs by 58.5% compared with the state of the art.
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1 Introduction
Large Language Models (LLMs) are deep learning models trained on massive amounts of data with

billions of parameters [4, 31]. They take textual input (a question), referred to as a prompt or context,

and generate textual output (an answer). Although LLMs have demonstrated remarkable capabilities

across various natural language processing tasks [41, 44, 70, 71], they often lack specific knowledge
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in domain-specific, up-to-date, or private Question Answering (QA) scenarios [3, 14, 22, 28, 60, 66],

as they are restricted to their pretrained data. Consequently, LLMs often require support from

a local corpus [19, 32, 33, 59, 63]. In many real-world applications such as financial decision-

making [3, 8, 23], legal analysis [58, 67], and research summarization [40], the corpus is large and

multi-document (e.g., annual reports, contracts, research papers). QA tasks in these applications

often require reasoning over dispersed evidence, such as year-over-year financial comparisons,

cross-clause compliance checks, or multi-paper synthesis, which necessitate that existing QA

systems support long-context input processing [32, 33, 59].

(a) # Documents Per Query (b) # Access Per Document

Fig. 1. Samples from Loong [59] Benchmark Dataset.

Equipping LLMs with such a large corpus for QA often termed long-context LLM QA [19, 32,

33, 59, 63] is challenging because the relevant evidence is sparse and distributed across very long

inputs (tens or even hundreds of thousands of tokens) [7]. In the popular long-context QA Loong

benchmark [59], over 31% queries reference more than 10 documents (Figure 1(a)). Although some

modern LLMs can offer extremely large context windows (up to millions of tokens as input) [4, 56],

feeding such long inputs naively introduces high computational overhead, API cost, and latency,

and can dilute the model’s attention over irrelevant content [6, 12, 14, 59].

As summarized in Figure 2, existing works follow three main paths to address the task: Standard
RAG, which retrieves Top-𝐾 semantic similar chunks for generation [16, 28], Long-context
LLMs, which enlarge the context window to include longer raw inputs [44, 59, 64], and RAG
with structured data, which iterates over the corpus to extract structured representations like

Knowledge Graphs (KGs) for subsequent retrieval and generation [14]. All three methods face

a cost–coverage wall where fully covering the evidence needed to answer a query becomes

prohibitively expensive in terms of input length to the model. Standard RAG reduces computational

costs by retrieving only Top-𝐾 most relevant chunks for generation. However, a fixed 𝐾 setting

fails to capture all essential evidence across different tasks. On the Loong benchmark, RAG with

various 𝐾 settings exhibits a 25.4% performance drop compared to using all available information

across four tasks [59]. In contrast, Long-context LLMs and RAG with structured data support higher

information coverage by either extending the model context window or constructing structured

representations over the corpus, yet this substantially increases the input costs [27, 59]. Specifically,

building a KG for a 42,717-word document costs $7.83 with GPT-4o [14, 44]. We therefore ask

whether this wall can be broken to deliver a cost-effective long-context LLM QA service.

To answer it, we identify two key factors that limit the cost-effectiveness. The first is the

limited retrieval coverage under complex queries and large input scales. Queries in long-context

QA are complex, invoking both information retrieval and subsequent reasoning [32, 33, 59]. For ex-

ample, in financial analysis, a query “evaluate the company’s recent health in noncurrent assets” [59]

implicitly involves two steps: extracting all noncurrent asset values from previous financial reports,

and then performing an analysis based on them. In addition, as shown in Figure 1(a), evidence for a
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Fig. 2. An overview of existing approaches for the long-context QA task. Specifically, RAG-Sketch first
decomposes each query for explicit processing steps. It then adaptively ensures complete retrieval of scattered
information for more accurate QA without relying on a fixed top-𝐾 strategy as in standard RAG, or exhaustive
document traversal as in long-context LLMs and structured RAG. Finally, RAG-Sketch merges meta-queries
to minimize redundant access, thereby further reducing token costs.

single query is often scattered across multiple documents, with some pieces buried in low-salience

locations (e.g., table cells or footnotes). Rather than relying on naive context traversal [14, 56],

which incurs high computational costs to locate such evidence, conventional dense or sparse

retrieval mechanisms still fail to ensure that all required information is covered within the Top-𝐾

results, causing long-context QA accuracy to plateau at approximately 41.6% [59]. The second is

the redundant document access enforced by rigid query-by-query processing scheme in default

LLM QA systems [14, 44, 59, 64, 73]. As shown in Figure 1(b), many documents are shared across

multiple queries, with some accessed more than 20 times. Therefore, reusing shared chunks across

queries can reduce repeated computation and improve overall system throughput. For instance, if

both queries require information from the same chunk, it should ideally be accessed only once.

In this paper, we introduce RAG-Sketch, a novel RAG sketch designed to enhance cost-effectiveness

of existing long-context LLM QA. Building on the two previously discussed observations, RAG-

Sketch incorporates two innovative designs to tackle bottlenecks in existing long-context LLM

QA methods. First, to enhance relevant information coverage despite large input scale and query

complexity, RAG-Sketch introduces a skyline retrieval mechanism incorporating a reliable query de-

composition into the pre-defined schema. As shown in Figure 2(d), RAG-Sketch firstly decomposes

queries specifying extraction requirements, target data type, and further operations. The skyline

retrieval mechanism then adaptively retrieves Pareto optimal chunks through a dual-dimensional

partial order without relying on exhaustive context traversal or a fixed Top-𝐾 strategy. Second,
to minimize redundant access costs while ensuring query coverage, RAG-Sketch proposes a set-

cover chunk merging algorithm with bounds. In summary, this paper makes the following major

contributions:

• We design a RAG-Sketch framework that enhances the cost-effectiveness of existing long-context

LLM QA systems with a new adaptive skyline retrieval scheme and a set cover chunk merging

mechanism.

• We propose an adaptive skyline retrieval algorithm for scattered information coverage that iden-

tifies Pareto optimal chunks, which are not dominated by any others, under a dual-dimensional
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partial order that accounts for both semantic similarity and the presence of key information,

thereby enabling comprehensive retrieval at reduced computational cost.

• We formally analyze and define the token costs minimization for retrieved chunks as an optimiza-

tion problem, minimizing the access frequency while guaranteeing query coverage. We prove the

problem is NP-hard, and propose a set cover chunk merging greedy algorithm with a theoretical

guarantee.

• Our extensive experiments demonstrate that the proposed RAG-Sketch framework improves

prediction accuracy by 24.5% while reducing costs by 58.5% compared with the state of the art.

Furthermore, the cost-effectiveness evaluation, ablation studies, analyses with various backbone

models, and generalization ability evaluation further validate RAG-Sketch’s robustness.

2 Preliminary and Definition
This section formalizes the core concepts of LLM-based QA, with a particular focus on long-context

scenarios. Important notations of this paper are summarized in Table 1.

We consider a LLM with the default context window length of𝑊 tokens. Let 𝜏 (·) denote a

tokenizer and ℓ (·) the token-length function induced by 𝜏 . We reserve ℎ ≥ 0 tokens for system

instructions and formatting. Then, the effective maximum per-query input length budget is 𝐿max =

𝑊 − ℎ.
Let 𝑄 = {𝑞 𝑗 }𝑛𝑗=1 be a set of user queries. Let the external corpus be D = {𝑑𝑡 }𝑚𝑡=1, where each

document 𝑑𝑡 is a token sequence with length ℓ (𝑑𝑡 ). We write the total corpus length as ℓ (D)
total

=∑𝑚
𝑡=1 ℓ (𝑑𝑡 ).

Definition 2.1 (Closed-book LLM QA). Given 𝑄 = {𝑞 𝑗 }𝑛𝑗=1, closed-book QA answers each query

using only the model’s parametric knowledge without external documents as 𝐴 𝑗 = LLM(𝑞 𝑗 ).

In domain-specific, up-to-date, and private scenarios, closed-book LLM QA is insufficient. To

address this limitation, existing works supplement LLMs with external documents. However, due

to constraints in the input context window, it is necessary to first define the concept of a chunk

and its associated token costs.

Definition 2.2 (Token length). For any text sequence 𝑋 , its token length is 𝑇 (𝑋 ) = ℓ (𝑋 ) produced
by the tokenizer.

Definition 2.3 (Chunk). Given a document 𝑑𝑡 , 𝜏 (𝑑𝑡 ) = (𝑤1, . . . ,𝑤𝐿𝑡 ) is its token sequence. A chunk
is any contiguous token subsequence

𝐶 = (𝑤𝑎, . . . ,𝑤𝑏) with 1 ≤ 𝑎 ≤ 𝑏 ≤ ℓ (𝑑𝑡 ) ,
returned by a (user-specified) chunking function 𝜎 (·) (e.g., fixed-size, sliding-window with stride,

semantic segmentation, or document-aware rules). We denote the multiset of chunks for 𝑑𝑡 by

C(𝑑𝑡 ) := 𝜎 (𝑑𝑡 ) and the corpus-level chunk multiset by C =
⊎𝑚

𝑡=1 C(𝑑𝑡 ).

Definition 2.4 (Chunk cost). The cost (length) of a chunk 𝐶 is its token length 𝑇 (𝐶). Since 𝐶 is

already in token space, 𝑇 (𝐶) equals the number of tokens in 𝐶 .

Definition 2.5 (Selected Chunk Set). For a query 𝑞, a budget-feasible context is any finite ordered

multiset of chunks 𝑆 ⊆ C such that ℓ (𝑆) ≤ 𝐿max.

Specifically, the selected chunk set 𝑆 described in Definition 2.5 is typically indexed and retrieved

from chunks via semantic similarity in RAG framework.

Problem 1 (Long-Context LLM QA). Given the document list D, query batch 𝑄 and the LLM
effective maximum context length 𝐿max, the task answers each 𝑞 𝑗 ∈ 𝑄 by first retrieving the chunk set
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Table 1. Important Notations

Notation Definition
𝑄 Input Query Set

𝑞 𝑗 The j-th query in the query set 𝑞 𝑗 ∈ 𝑄
𝐴 𝑗 The generated answer for 𝑞 𝑗
D Documents in the local corpus

𝐿max The effective input context length of LLMs

𝐶𝑖 The 𝑖-th divided chunk

M(𝑞) The decomposed query tuple

sim(·) The cosine similarity between vectors

𝜙 (𝐶𝑖 ) The value of 𝐶𝑖 ’s presence dimension

𝜔 (𝐶𝑖 ) The value of 𝐶𝑖 ’s semantic dimension

𝑇 (𝐶𝑖 ) The token cost of 𝐶𝑖

𝐸 (𝑞) The decomposed extraction meta-query

A𝑖 The abstract of chunk 𝐶𝑖

𝑆 (𝑞) The selected Pareto optimal chunk set for 𝑞

𝐹 The total costs of all selected chunks

Q(·) The mapping function

M The covered queries in each iteration

𝐺 (·) The objective function for chunk merge

M The final selected chunk list

𝑆 (𝑞 𝑗 ) for the query 𝑞 𝑗 from D (Definition 2.5), and then calling the LLM:

𝐴 𝑗 = LLM
(
𝑞 𝑗 , 𝑆 (𝑞 𝑗 )

)
.

An instance is called long-context if the following holds: the minimal sufficient evidence for 𝑞 𝑗 spans
multiple documents which is larger than 𝐿max without selection or compression.

In this paper, we aim to address the long-context LLM QA defined in Problem 1, subject to the

following limitations as discussed in Section 1: (1) limited retrieval coverage, and (2) repeated

document access. We aim to address these challenges by proposing a cost-effective RAG-Sketch,

discussed in detail as follows.

3 Methodology
In this section, we present an overview of RAG-Sketch framework. We then elaborate on details of

each module within RAG-Sketch.

3.1 Framework Overview
Figure 2(d) presents an overview of RAG-Sketch. The inputs are an external document list D and a

query batch𝑄 . The objective is to address Problem 1, which is to derive an answer𝐴 𝑗 for each query

𝑞 𝑗 ∈ 𝑄 according to the external documents. We summarize RAG-Sketch pipeline in Algorithm 1.

Query Decomposition. As shown in Algorithm 1 lines 1-2, given the query batch 𝑄 , RAG-Sketch

instructs the LLM through a schema-constrained prediction to decompose each query 𝑞 ∈ 𝑄 into

pre-defined schemas with high reliability asM(𝑞) = (𝐸 (𝑞), 𝑑, 𝑜): (1) the extraction meta-query

𝐸 (𝑞); (2) the intended data type 𝑑 ; (3) the subsequent query operation 𝑜 .

Adaptive Skyline Retrieval. As shown in Algorithm 1 lines 4-7, RAG-Sketch adaptively retrieves

chunks via the skyline operator defined in Definition 3.5. The operator establishes a partial order

among chunks based on two complementary objectives: semantics and presence of keywords. For

each query 𝑞, we design Algorithm 2 to select the Pareto optimal chunk set 𝑆 , defined as those not
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Algorithm 1: RAG-Sketch Pipeline

Input: A large set of external documents D = {𝑑𝑡 }𝑚𝑡=1, and a batch of queries 𝑄 = {𝑞 𝑗 }𝑛𝑗=1
Output: The derived answers {𝐴 𝑗 }𝑛𝑗=1 for queries 𝑄

1 foreach 𝑞 𝑗 ∈ 𝑄 do
2 Decompose query 𝑞 𝑗 asM(𝑞 𝑗 ) = (𝐸 (𝑞 𝑗 ), 𝑑 𝑗 , 𝑜 𝑗 );
3 Divide the documents D into chunks {𝐶𝑖 }𝑚𝑖=1;
4 foreach query 𝑞 𝑗 do
5 foreach chunk 𝐶𝑡 associated with 𝑞 𝑗 do
6 Compute 𝜙 (𝐶𝑡 , 𝐸 (𝑞 𝑗 )), 𝜔 (𝐶𝑡 , 𝑞 𝑗 );
7 Select Pareto optimal chunks set 𝑆 𝑗 ← Algorithm 2;

8 Select final access chunk list and extract target structured dataM,E← Algorithm 3;

9 Derive final answers {𝐴 𝑗 }𝑛𝑗=1 ← LLM(E, {𝑞 𝑗 }𝑛𝑗=1);
10 return the answers {𝐴 𝑗 }𝑛𝑗=1

Inputs

𝑞!: Which 
company has 
the highest 
'Total Current 
Liabilities'? 

𝑞": How did the 
company’s 
'property, plant 
and equipment, 
net' change 
compared with 
the prior period? 

2024 
Global 
Clean 
Energy 
Holdings, 
Inc.-j.txt

Ours: RAG-Sketch Vanilla RAG

Extract 𝐸(𝑞!) = (company, 'total 
current liabilities')

Data Format 𝑑! = Table

Further operation 𝑜! = selection
company with the highest value

Extract 𝐸(𝑞") = (time, 'property, 
plant and equipment')

Data Format 𝑑" = Time Series

Further operation 𝑜" = change 
on PP&E

Step 1. Query Decomposition

SemanticPresenceChunk
0.6261𝑪𝟒 
0.7360𝐶$" 
0.7500𝑪𝟑𝟒 
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0.7730𝐶"& 
0.7740𝑪𝟑𝟒 
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0.736𝑪𝟑𝟐 
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0.774𝑪𝟑𝟒 

Step 3. Chunk Merge & Extraction

Semantic Retrieval & GenerationQueries

Long-context 
Document(s)

𝑪𝟒 Total Current Liabilities: (Global 
Clean Energy Holdings Inc., 229,361)

PP&E: (Year 2023, 1,369,398)
(Year 2024, 1,270,187)

𝐸(𝑞!)  
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No
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Fig. 3. Running Examples on RAG-Sketch Pipeline in Comparison with Vanilla RAG. All queries and results
are from real implementations on Vanilla RAG and RAG-Sketch.

dominated under the operator, thereby ensuring that no chunk with high semantic relevance or

strong keyword presence is excluded.

Set Cover Chunk Merging. As shown in Algorithm 1 lines 8-9, we minimize the total input

token costs while ensuring that each query 𝑞 is adequately answered. Specifically, we formalize

the chunk merge problem in Problem 3, and prove its NP-hardness in Theorem 3.8. To address

this, we perform chunk-to-query mapping to record all meta-queries that map to the same chunk.

Then, we propose Algorithm 3 to select merged chunks M and to extract structured evidence E
with theoretical guarantees.

We explain the pipeline including three main steps with a detailed running example in Figure 3.

Through decomposition, skyline retrieval and chunk merge, RAG-Sketch only handles chunk 𝐶4
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once to extract the target evidence (HIT Rate = 1). Conversely, Vanilla RAG relies solely on semantic

similarity, retrieving {𝐶32,𝐶34} for query 𝑞1 and {𝐶29,𝐶34} for query 𝑞2. Even with a chunk reuse

strategy, Vanilla RAG still requires the processing of three unique chunks and fails to retrieve the

gold answer (HIT Rate = 0).

3.2 Query Decomposition
Complex queries in long-context QA often involve multiple steps, making direct retrieval and

extraction inefficient or even infeasible. According to the cognitive theories discussed in Struc-

tRAG [32], converting raw information into structured forms can improve multi-step query solving.

For instance, the query “evaluate the company’s recent health in noncurrent assets” is under-

specified to directly guide relevant context retrieval and subsequent information extraction. We

reformulate it into a structured requirement such as “Extract (company, noncurrent asset)” and

specify a target format (e.g., a key–value pair table format), which makes the retrieval target explicit

(via the keyword noncurrent asset) and provides a clear prompt to guide extraction.

In conclusion, we formalize query decomposition as a structured prediction problem rather than

a free-form generation task through LLMs. This is motivated by empirical studies that constraining

model outputs to a set of predefined schemas (instead of open-ended generation) improves accuracy

and consistency [39, 46, 62].

Additionally, appropriate information representations (IR) for managing extracted information

greatly facilitates subsequent reasoning. For example, when ranking companies based on their

assets, it is more effective to organize the asset information in a tabular format rather than in a graph.

Based on the common downstream operators (comparison/ranking/aggregation/chain/clustering),

we adopt a minimal evidence IR: field/value facts (table), relation facts (graph triples), and time-

indexed facts (time series), with raw text as a fallback to preserve coverage. The formal definition

on query decomposition is as follows.

Definition 3.1 (Query Decomposition). Let 𝑄 denote the query space and M as the space of

decomposed queries. A decomposed query is defined as a tuple

M(𝑞) = (𝐸 (𝑞), 𝑑, 𝑜),
where 𝐸 (𝑞) is an extraction meta-query, 𝑑 is a target extraction data structure type, and 𝑜 is an

optional operation specification.

Extraction meta-query 𝐸 (𝑞) is instantiated under one of four predefined extraction schemas

{(key, attribute), (head, relation, tail), (timestamp, value), raw text}, which correspond to structured

extraction needs for table, graph, time series, and a text fallback, respectively. Data structure 𝑑

corresponds to table, graph, time series, and text. Operation 𝑜 is the further task-specific imple-

mentation such as ranking, graph chain construction, clustering, comparison or conditional selection.
For example, “Compare the debt-to-equity ratios of companies in 2023” is decomposed into 𝐸 (𝑞)
that extracts (company, debt-to-equity ratio), 𝑑 = table and 𝑜 = comparison values in year 2023.

This helps in two ways: (i) 𝐸 (𝑞) provides a concrete coverage target (e.g., “debt-to-equity ratio”) for

𝜙 during retrieval, and (ii) 𝐸 (𝑞) and 𝑑 explicitly guide an intermediate table extraction with the

corresponding key-value pairs, which reduces ambiguity for executing 𝑜 .

Formally, the decomposition function is 𝑓 : 𝑄 →M, 𝑞 ↦→ (𝐸 (𝑞), 𝑑, 𝑜), where 𝑓 is instantiated
by an LLM guided with structured prompts with two-shot examples.

Compared with template-based or chain-of-thought prompting [61], our decomposition into

pre-defined schema has higher reliability. Moreover, the inclusion of three structured extraction

types plus a text fallback enables the system to handle both structured queries and open-domain

general queries in a unified manner.
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3.3 Skyline Retrieval
In this subsection, we propose a skyline retrieval strategy that ensures more comprehensive retrieval

of scattered information compared to conventional dense/sparse retrieval through dual-dimensional

objectives on the decomposed extraction meta-query while reducing token costs by filtering out

clearly inferior chunks.

3.3.1 Theoretical Analysis of Human-Inspired Dual-Dimensional Retrieval. Using the same LLM

backbone, the primary factor influencing QA accuracy is the comprehensiveness of relevant in-

formation retrieval. To achieve this goal without relying on costly context traversal, we draw

inspiration from how humans process long-context documents. They typically locate evidence

through two main strategies: (1) identifying explicit mentions of key entities or attributes (e.g.,

searching for the keyword “noncurrent assets” in a financial report), and (2) evaluating the semantic
likelihood that a section or abstract contains relevant information even if the exact keyword is

absent. These observations motivate us to formalize two retrieval dimensions that mimic human

reasoning.

Let {𝐶1, . . . ,𝐶𝑛} denote the divided document chunks and the input query 𝑞 with 𝐸 (𝑞) as its
decomposed extraction meta-query. Each chunk𝐶𝑖 is associated with two signals: a binary presence

indicator and a semantic relevance score.

Definition 3.2 (Presence Dimension). The presence dimension denoted as 𝜙 (𝐶𝑖 , 𝐸 (𝑞)) ∈ {0, 1}
measures whether a key element, such as an attribute or relation to be extracted given by 𝐸 (𝑞),
appears in chunk 𝐶𝑖 , analogous to how humans scan for keywords.

Definition 3.3 (Semantic Dimension). The semantic dimension, denoted𝜔 (𝐶𝑖 , 𝑞) ∈ [0, 1], quantifies
the likelihood that 𝐶𝑖 contains information relevant to the original input query 𝑞.

Score Plateau. To retain multiple highly relevant chunks within the top tier, rather than discarding

some due to minor differences in similarity scores, we introduce a score plateau in the semantic

dimension. The presence dimension is defined as a binary indicator: 𝜙 = 1 if and only if the chunk

explicitly contains the required entity or attribute keywords, and 𝜙 = 0 otherwise. This binary

presence signal provides a direct and reproducible signal, avoiding the issue of discarding chunks

based on minor similarity variations. The semantic dimension corresponds to the human strategy

of judging contextual relevance from titles, abstracts, or overall semantics with the original query 𝑞.

For structured documents, 𝜔 is estimated based on the chunk abstract or title by querying an LLM

about whether the current chunk is likely to contain the answer. If so, 𝜔 is assigned a value of 1.

For unstructured text, we use semantic similarity to score chunks, then sort scores and dynamically

choose the number of retrieved chunks at the elbow (knee) of the score curve to early-stop [52] or

choose Top-𝐾 ones.

Lemma 3.4 (Complementarity of Dimensions). Presence and semantic dimensions capture
orthogonal aspects of retrieval. In particular, for any chunk 𝐶𝑖 and query 𝑞,

𝜙 (𝐶𝑖 , 𝐸 (𝑞)) = 0 ⇏ 𝜔 (𝐶𝑖 , 𝑞) = 0.

That is, we can still judge a section to be relevant (high 𝜔) even if no explicit keyword appears (low 𝜙).

Proof. Because the number of keywords within 𝐸 (𝑞) is finite, we can form a paraphrase 𝐶★
of

𝑞 in which each𝑚 ∈ 𝐸 (𝑞) is replaced by a synonymous expression not contained in 𝐸 (𝑞). Then no

element of 𝐸 (𝑞) appears in𝐶★
, so by Definition 3.2 we have 𝜙 (𝐶★, 𝐸 (𝑞)) = 0. Yet𝐶★

is semantically

equivalent (or highly aligned) with 𝑞, hence by the assumed property of 𝜔 we obtain 𝜔 (𝐶★, 𝑞) > 0.

Taking 𝐶𝑖 =𝐶
★
yields the claim. □
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Algorithm 2: Pareto Optimal Chunks Retrieval

Input: Chunk list C = {𝐶1,𝐶2, . . . ,𝐶𝑛}, with pre-calculated values 𝜙 and 𝜔 for each chunk

Output: Pareto optimal set 𝑆

1 𝑆 ← ∅;
2 foreach 𝐶𝑖 ∈ C do
3 if ∃𝐶 𝑗 ∈ 𝑆 s.t. 𝐶 𝑗 ≻ 𝐶𝑖 then
4 continue

5 𝑆 ← 𝑆 \ {𝐶 𝑗 ∈ 𝑆 | 𝐶𝑖 ≻ 𝐶 𝑗 }
6 𝑆 ← 𝑆 ∪ {𝐶𝑖 }
7 return 𝑆

We then provide the formal problem definition on retrieval, based on the preceding theoretical

analysis. Specifically, we retrieve chunks that contain the keyword while also ensuring that no
chunks with high semantic relevance to the given query are missed.

Problem 2 (Adaptive Chunk Retrieval). Given a list of divided chunks {𝐶1, . . .𝐶𝑛}, the decom-
posed extraction meta-query 𝐸 (𝑞), and the pre-calculated dual dimensions 𝜙 (𝐶𝑖 , 𝐸 (𝑞)), 𝜔 (𝐶𝑖 , 𝑞) for
each chunk, a retrieved chunk should be at least as good as any other selected chunk in both dimensions,
or better in at least one.

This formalization highlights that adaptive retrieval should jointly consider both human-inspired

objectives: keyword presence and semantic relevance. We defer to later sections how skyline

retrieval can naturally resolve the trade-offs implied in Problem 2.

3.3.2 Skyline Operator. To address Problem 2, which requires that selected chunks be at least as

good as any other selected chunk in all dimensions or better in at least one, we adapt the skyline

operator from traditional database systems. This enables us to solve the retrieval problem effectively,

as theoretically analyzed above.

To define the skyline operator, we first formally introduce the partial order that underlies it.
For dual-dimensional inputs, this partial order is induced by the dominance relationship between

chunks, as specified in Definition 3.5. Under this dominance relation, the skyline operator identifies

the set of chunks that are not dominated by any other, corresponding to the minimal elements in

the induced partial order.

Definition 3.5 (Partial Order). For any two chunks 𝐶𝑖 ,𝐶 𝑗 , if:

(1) 𝐶𝑖 is not worse than 𝐶 𝑗 on the Presence dimension as 𝜙 (𝐶𝑖 , 𝑞) ≥ 𝜙 (𝐶 𝑗 , 𝑞).
(2) 𝐶𝑖 is not worse than 𝐶 𝑗 on the Semantic dimension as 𝜔 (𝐶𝑖 , 𝑞) ≥ 𝜔 (𝐶 𝑗 , 𝑞).
(3) There is at least one dimension on which 𝐶𝑖 is strictly better than 𝐶 𝑗 , as 𝜙 (𝐶𝑖 , 𝑞) > 𝜙 (𝐶 𝑗 , 𝑞)

or 𝜔 (𝐶𝑖 , 𝑞) > 𝜔 (𝐶 𝑗 , 𝑞).
Then, we say that 𝐶𝑖 dominates 𝐶 𝑗 , denoted as 𝐶𝑖 ≻ 𝐶 𝑗 .

Based on the partial order, we define the chunks that are not dominated by any other on the

dual-objectives as the Pareto optimal chunks which we intend to select.

Definition 3.6 (Pareto Optimal Chunk Set). Pareto optimal Chunk set 𝑆 is a set of chunks which

are not dominated by others on the defined partial order as shown in Equation (1).

𝑆 = {𝐶𝑖 | ∄ 𝐶 𝑗 ∈ 𝑆,𝐶 𝑗 ≠ 𝐶𝑖 ,𝐶 𝑗 ≻ 𝐶𝑖 } (1)
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We then design a Pareto Optimal chunks retrieval algorithm in Algorithm 2. Specifically, we

initialize the Pareto optimal chunk set we aim to retrieve as 𝑆 and iterate over the chunk list to

determine whether the current chunk is dominated by any existing chunk in 𝑆 , based on the Partial

Order as illustrated in Definition 3.5.

Specifically, we explain the intuition to address the adaptive chunks retrieval problem through

the skyline operator, which is designed to satisfy the following requirements.

• The partial order in Definition 3.5 between chunks defines a dominance relation over the dual

objectives. In this way, we can mathematically measure the relationship between two chunks,

which facilitates the retrieval of dominant chunks.

• The Pareto optimal chunk definition and retrieval, described in Definition 3.6 and Algorithm 2,

identify chunks that dominate others with respect to both objectives. This satisfies the condition

in Problem 2, which requires that a selected chunk be at least as good as any other in both

dimensions, or better in at least one.

• Score plateau ensures that multiple chunks can share the same semantic score and are all retained

by the skyline operator, rather than discarding some due to minor differences in similarity scores.

For instance, {𝐶1,𝐶4,𝐶6,𝐶8} are selected in the Table 2 given presence and semantic dimensions.

Table 2. A Toy Example on Skyline Retrieval.

𝐶1 𝐶2 𝐶3 𝐶4 𝐶5 𝐶6 𝐶7 𝐶8

Presence (𝜙) 1 1 0 0 0 0 1 0

Semantic (𝜔) 0.8 0.6 0.7 1 0.6 1 0.5 1

3.4 Set Cover Chunk Merging
In this subsection, we aim to address the high token costs challenge through reducing the chunk

access frequency while still ensuring coverage of all queries to be answered.

3.4.1 Theoretical Analysis of Chunk Merging Problem.

Example 3.7. Consider the selected Pareto optimal chunks for each meta-query as 𝑆 (𝐸 (𝑞1)) =
{𝐶4,𝐶5,𝐶15}, 𝑆 (𝐸 (𝑞2)) = {𝐶5,𝐶6,𝐶11}, 𝑆 (𝐸 (𝑞3)) = {𝐶4,𝐶15,𝐶17}, 𝑆 (𝐸 (𝑞4)) = {𝐶11,𝐶19}. The cor-

responding costs for each chunk are: 𝑇 (𝐶4) = 200, 𝑇 (𝐶5) = 300, 𝑇 (𝐶6) = 400, 𝑇 (𝐶11) = 450,

𝑇 (𝐶15) = 200, 𝑇 (𝐶17) = 300, 𝑇 (𝐶19) = 200.

When processing the queries in the traditional rigid query-by-query manner, the total token cost

is (200 + 300 + 200) + (300 + 400 + 450) + (200 + 200 + 300) + (450 + 200) = 3200. Such approach

can result in notably high costs especially in the context of long-input scenarios. To address the

high token cost issue, we then give the meta-query merge problem definition as follows.

Problem 3 (Meta-qery Merge). Given the meta-query list {𝐸 (𝑞1), 𝐸 (𝑞2), . . . }, each associated
with a Pareto optimal chunk set 𝑆 (𝐸 (𝑞 𝑗 )) = {𝐶 𝑗1,𝐶 𝑗2, . . . } and token costs {𝑇 (𝐶 𝑗1),𝑇 (𝐶 𝑗2), . . . } for
each chunk, we aim to construct a final chunk list M for access, ensuring that the relevant chunk for
each query is included to support QA. The objective is to minimize the total cost of accessing chunks,
as defined in Equation (2).

𝐹 = min

M⊆⋃𝑗 𝑆 (𝐸 (𝑞 𝑗 ) )

∑︁
𝐶∈M

𝑇 (𝐶) (2)

s.t. ∀𝑗, ∃ 𝐶 ∈ M, 𝐶 ∈ 𝑆 (𝐸 (𝑞 𝑗 ))
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As shown in Example 3.7, 𝐶5 is shared by both 𝐸 (𝑞1) and 𝐸 (𝑞2), and can thus be accessed once

to serve both queries. We first prove that this problem is NP-Hard and then propose a greedy

algorithm to address it.

Theorem 3.8 (Problem 3 is NP-Hard). Themeta-querymerge problem is NP-hard via a polynomial-
time, cost-preserving reduction from Weighted Set Cover (WSC) [9, 17].

Proof. Weighted Set Cover (WSC). Given a universe 𝑈 and a family S = {𝑆1, . . . , 𝑆𝑚} with
weights𝑤𝑖 ≥ 0, the goal is to pick S′ ⊆ S covering𝑈 with minimum total weight:

min

S′⊆S

∑︁
𝑆𝑖 ∈S′

𝑤𝑖 s.t.

⋃
𝑆𝑖 ∈S′

𝑆𝑖 =𝑈 . (3)

Reduction. From 𝐼SC = ⟨𝑈 ,S,w⟩, we build an instance 𝐼Merge = ⟨{𝐸 (𝑞 𝑗 )},
⋃

𝑗 𝑆 (𝐸 (𝑞 𝑗 )),T⟩ of
Problem 3 as follows. For each meta-query 𝐸 (𝑞 𝑗 ), the Pareto optimal chunk list 𝑆 (𝐸 (𝑞 𝑗 )) is selected
by Algorithm 2. Treat each chunk 𝐶 as a subset of meta-queries: it covers all 𝐸 (𝑞) with 𝐶 ∈ 𝑆 (𝑞).
Set its cost 𝑇 (𝐶) to match the corresponding subset weight𝑤𝑖 . Then, the objective in Equation (5)

is exactly the WSC objective with the coverage constraint that each 𝐸 (𝑞 𝑗 ) is covered by selected

chunk.

Equivalence. (i) Forward. Given any feasible set cover S★ ⊆ S, map each 𝑆𝑖 ∈ S★ to a chunk

𝜒 (𝑆𝑖 ) (induced by Algorithm 2) and let M★ = {𝜒 (𝑆𝑖 ) | 𝑆𝑖 ∈ S★}. Since S★ covers𝑈 , M★
covers all

meta-queries; moreover, ∑︁
𝐶∈M★

𝑇 (𝐶) =
∑︁

𝑆𝑖 ∈S★
𝑤𝑖 .

(ii) Backward. Given any feasible merge set M★ ⊆ ⋃
𝑗 𝑆 (𝐸 (𝑞 𝑗 )), map each 𝐶 ∈ M★

to a subset

𝜙 (𝐶) ∈ S and set S★ = {𝜙 (𝐶) | 𝐶 ∈ M★}. Coverage and cost are preserved:⋃
𝑆𝑖 ∈S★

𝑆𝑖 =𝑈 ,
∑︁

𝑆𝑖 ∈S★
𝑤𝑖 =

∑︁
𝐶∈M★

𝑇 (𝐶).

Both 𝜒 and 𝜙 are computable in polynomial time.

In conclusion, WSC is NP-complete; hence this polynomial-time, cost-preserving reduction

implies Problem 3 is NP-hard. □

3.4.2 Chunk-to-Query Mapping Greedy Algorithm. To address Problem 3, we first analyze its

underlying requirements. Specifically, the main goal is to minimize the total cost of chunk access,

denoted as 𝐹 as defined in Equation (2). At the same time, we must still satisfy the primary long-

context LLM QA task described in Problem 1, which requires that each query be successfully tackled

and answered.

We first perform a mapping from each chunk to its associated queries. In other words, for each

chunk, we identify all meta-queries that correspond to it, as defined in Equation (4).

Q(𝐶) = {𝐸 (𝑞 𝑗 ) | 𝐶 ∈ 𝑆 (𝐸 (𝑞 𝑗 )), 𝑞 𝑗 ∈ 𝑄} (4)

The objective of Problem 3 as defined in Equation (2) can be reformulated in Equation (5) as

follows:

min

∑︁
𝐶 𝑗 ∈M

𝑇 (𝐶 𝑗 ), s.t.

⋃
𝐶 𝑗 ∈M

Q(𝐶 𝑗 ) =𝑄 (5)

M denotes the union of the finally selected chunks to be accessed, while 𝑄 represents the set of

all queries. We use 𝑀 to record the covered queries in each iteration of our algorithm, which is
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initially set to ∅. To greedily select chunks that satisfy both constraints, we design an objective

function 𝐺 that incorporates them as follows:

𝐺 (𝐶 𝑗 ) =
|Q(𝐶 𝑗 ) ∩ (𝑄 −𝑀) |

𝑇 (𝐶 𝑗 )
(6)

When selecting a new chunk𝐶 𝑗 , we aim to maximize the number of covered meta-queries, given

by |Q(𝐶 𝑗 ) ∩ (𝑄 −𝑀) |, while minimizing the cost of including 𝐶 𝑗 , represented by 𝑇 (𝐶 𝑗 ). Following
this, at each iteration, the algorithm greedily selects the chunk with the highest value of 𝐺 in

Equation (6), thereby satisfying both targeted objectives. The algorithm terminates when all queries

have been addressed or when no retrieved chunks remain. Specifically, as shown in Algorithm 3,

lines 10–16, for each greedily selected chunk𝐶∗ at each iteration, we perform LLM-based structured

data extraction on its associated queries Q(𝐶∗). After extracting structured data 𝐴𝑞 and appending

it to the extracted set E𝑞 , we use a local LLM (LLama2-7b) to determine whether the collected

information is sufficient for answering the original query 𝑞. If the model confirms sufficiency, we

mark that the query 𝑞 is answered. We then add the corresponding query index to the set of covered

meta-queries𝑀 .

Algorithm 3: Chunk-to-Query Mapping Greedy Algorithm

Input: The decomposed query list {𝐸 (𝑞)};
The selected skyline chunk list 𝐸 (𝑞 𝑗 ): 𝑆 𝑗 = {𝐶 𝑗1,𝐶 𝑗2, . . . };
Their corresponding access costs: {𝑇 (𝐶 𝑗1),𝑇 (𝐶 𝑗2), . . . }
Output: The selected chunk listM, extracted data E

1 Construct the chunk-query mapping Q(𝐶) ← Equation (4);

2 Initialize 𝐿 ← {𝐶 𝑗 | 𝐶 𝑗 ∈ 𝑆 (𝑞), 𝐸 (𝑞) ∈ 𝑄},;
3 𝑀 ← ∅,M← ∅;
4 while𝑀 ≠ 𝑄 and 𝐿 ≠ ∅ do
5 Select chunk 𝐶∗ ← argmax𝐶 𝑗 ∈𝐿𝐺 (𝐶 𝑗 ),;
6 where 𝐺 (𝐶 𝑗 ) is computed by Equation (6) with Q(𝐶 𝑗 ) ∩ (𝑄 −𝑀);
7 if Q(𝐶∗) ∩ (𝑄 −𝑀) = ∅ then
8 break;

9 M← M ∪ {𝐶∗}, 𝐿 ← 𝐿 \ {𝐶∗}, Q← ∅;
10 foreach 𝑞 ∈ Q(𝐶∗) ∩ (𝑄 −𝑀) do
11 𝐴𝑞 ← LLM(𝐶∗, 𝐸 (𝑞));
12 if 𝐴𝑞 is not void then
13 E𝑞 ← E𝑞 ∪𝐴𝑞 ;

14 if E𝑞 is enough for 𝑞 then
15 Q← Q ∪ 𝑞;

16 Update𝑀 ← 𝑀 ∪ Q
17 returnM,E

We then prove that Algorithm 3 has an approximation ratio compared to the optimal solution.

Theorem 3.9 (Harmonic Approximation Ratio with Probabilistic Answers). Let 𝑛 = |𝑄 |,
let OPT denote the minimum total token cost of any cover, and let 𝑝min ∈ (0, 1] be a lower bound such
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that, given the extracted evidence up to the current chunk, the LLM answers the query with probability
at least 𝑝min. Then Greedy Algorithm 3 returns a chunk set with

E[ALG] ≤ 𝐻 (𝑛)
𝑝min

OPT, 𝐻 (𝑛) =
𝑛∑︁
𝑖=1

1

𝑖
= Θ(log𝑛),

so the expected approximation ratio is 𝑂
(
log𝑛

𝑝min

)
.

Proof. Let 𝑅𝑡 =𝑄 \𝑀𝑡 be the residual set after 𝑡 iterations, 𝑟𝑡 = |𝑅𝑡 |, and 𝑑𝑡+1 as the number of

newly covered queries during that step as follows.

𝑑𝑡+1 = |Q(𝐶𝑡+1) ∩ 𝑅𝑡 | (†)

We denote 𝐵𝑡+1 as the number of queries successfully answered by LLMs where the queries should

be included in𝑀𝑡+1.

𝐵𝑡+1 =
∑︁

𝑞∈Q(𝐶𝑡+1 )∩𝑅𝑡

1{success on (𝐶𝑡+1, 𝑞)}

By independence and the lower bound 𝑝min, E[𝐵𝑡+1] ≥ 𝑝min𝑑𝑡+1. Let the gain-per-cost be

𝐺𝑡+1(𝐶) =
|Q(𝐶) ∩ 𝑅𝑡 |
𝑇 (𝐶) .

Lemma 3.10. (Efficiency) For every 𝑡 , 𝐺𝑡+1(𝐶𝑡+1) ≥ 𝑟𝑡
OPT .

Proof. Let O = {𝐶★
1
, . . . ,𝐶★

𝑘
} be an optimal cover with

∑
𝑖 𝑇 (𝐶★

𝑖 ) = OPT. Since
⋃

𝑖 Q(𝐶★
𝑖 ) covers

𝑅𝑡 , we have
∑

𝑖 |Q(𝐶★
𝑖 ) ∩ 𝑅𝑡 | = 𝑟𝑡 , so by averaging some 𝐶★

satisfies 𝐺𝑡+1 (𝐶★) ≥ 𝑟𝑡/OPT. □

Charging argument. We charge 𝑇 (𝐶𝑡+1) uniformly to the successful answers in step 𝑡+1. The
expected charge per newly answered query is

E
[
𝑇 (𝐶𝑡+1 )
𝐵𝑡+1

]
≤ 𝑇 (𝐶𝑡+1)
𝑝min𝑑𝑡+1

=
1

𝑝min

· 1

𝐺𝑡+1 (𝐶𝑡+1)
≤ OPT
𝑝min

· 1
𝑟𝑡
.

Summation. Let 𝑟 (𝑞) be |𝑅𝑡 | immediately before 𝑞 is successfully covered. Summing the expected

charge over all 𝑞 ∈ 𝑄 gives

E[ALG] ≤ OPT
𝑝min

∑︁
𝑞∈𝑄

1

𝑟 (𝑞) =
OPT
𝑝min

𝐻 (𝑛).

Upper Bound Truncation (Worst Case). Considering the upper bound above may explode when

𝑝min becomes very small, we give the further proof on the worst case of Algorithm 3 as the

truncation. Since Algorithm 3 updates 𝐿 ← 𝐿 \ {𝐶∗} and never inserts new chunks, each input

unique chunk is thus processed at most once. Therefore,

E[ALG] ≤ min

{
𝐻 (𝑛)
𝑝min

OPT, 𝑇L
}
.

𝑇𝐿 is the tokens of the unique pareto optimal chunks 𝐿 after mapping shown in Algorithm 3 line

2. □
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3.5 Discussion and Scope
We discuss RAG-Sketch’s adaptability to multimodal scenarios and reflect on the strategic design

trade-offs of skyline operator.

Generality andModality Extension.While RAG-Sketch currently targets textual RAG systems,

the underlying framework of skyline operator and batch-level chunk merging modules is modality-

agnostic. Extending RAG-Sketch to multimodal scenarios requires replacing textual encoders with

cross-modal equivalents (e.g., CLIP [47]) for semantic ranking, while leveraging captions or detected

entities as surrogates for visual modality as the presence signal. While a full-scale multimodal

evaluation remains outside the current scope, RAG-Sketch will try to extend in the future.

Skyline Operator Granularity and Trade-offs. RAG-Sketch uses a dual-objective skyline

operator with semantic relevance 𝜔 (𝐶,𝑞) and a binary presence signal 𝜙 (𝐶, 𝐸 (𝑞)). This binary
design prioritizes robustness and removes the need for threshold tuning.𝜙 can be extended to graded
signals (e.g., BM25-based coverage or learned importance scores) for finer presence sensitivity.

However, Figure 6a shows that graded signals can fluctuate and require “score plateau” designs for

stability. Thus, our current design balances efficiency and stable performance. The skyline operator

can also include more orthogonal objectives, but this typically enlarges the Pareto optimal set and

increases the retrieved chunk budget. Our dual-dimension design already achieves a high HIT rate

(Section 4.4); when adding more objectives, we recommend a stricter score plateau truncation to

control the retrieved set size.

4 Experiments
In this section, we compare the performance of RAG-Sketch against the state-of-the-art methods

including standard RAG, long-context LLM, and RAG with structured data. We also conduct

ablation studies, latencymeasurement, token cost analysis, and experiments with various backbones.

Specifically, we intend to investigate the following research questions (RQ):

• RQ1.How does RAG-Sketch method perform compared to various baselines in terms of both

accuracy and cost efficiency?

• RQ2. What is the performance of RAG-Sketch in the ablation study with respect to both QA

accuracy and cost savings?

• RQ3. How does RAG-Sketch perform with respect to the binary presence and score plateau,

surrounding context, and # shots in decomposition prompt for chunk retrieval?

• RQ4. What is the latency of RAG-Sketch in online serving mode, end-to-end (e2e) mode and

combined with prefix-caching?

• RQ5. What is the token cost of the baseline when using chunk reuse and caching as well as in

the overhead modules?

• RQ6. How does RAG-Sketch perform with different backbones?

4.1 Experimental Settings
In this subsection, we describe experimental settings of our work, including the datasets, baseline

methods, and the evaluation metrics. All experiments are conducted on a server equipped with 256

GB RAM, an 18-core 2.60 GHz CPU, and running CentOS Linux release 7.9.2009 (Core).

4.1.1 Datasets. During evaluation, we adopt the widely used Loong benchmark for long-context

QA [59]. The Loong benchmark includes four distinct tasks across three domains and supports four

scaling length settings, effectively simulating real-world long-context scenarios. Specifically, the

tasks span four categories: Spotlight Locating, Comparison, Clustering, and Chain of Reasoning.
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Table 3. Statistics and batching details. Avg # Retrieved Chunks denotes the mean number of retrieved chunks
per instance, and Avg Tokens per Chunk denotes the average chunk token length divided from the inputs.

Task Set # Test (Batch Size) Avg Token Avg # Retrieved Chunks Avg Token per Chunk

Spotlight

Set 1 53 37.0K 9.70 827.48

Set 2 70 72.8K 9.09 1086.50

Set 3 80 138.6K 13.09 1369.94

Set 4 47 245.4K 29.09 1347.57

Comparison

Set 1 60 38.1K 16.67 981.78

Set 2 105 77.7K 23.12 1469.19

Set 3 95 144.3K 31.71 2046.02

Set 4 40 234.1K 34.74 1678.61

Clustering

Set 1 113 37.7K 12.16 1699.69

Set 2 246 70.4K 13.89 2915.52

Set 3 194 129.1K 25.60 2789.60

Set 4 88 212.8K 26.07 2621.7

Chain

Set 1 97 34.3K 17.97 1340.86

Set 2 143 68.4K 12.02 1878.64

Set 3 112 128.2K 17.56 2841.06

Set 4 57 216.7K 30.16 2198.52

• Spotlight Locating task is the simplest, where the evidence is contained within a single document

among multiple sources.

• Comparison task involves comparing multi-source information.

• Clustering task evaluates the model’s ability to aggregate information across multiple documents.

• Chain of Reasoning task requires identifying evidence across multiple documents and establishing

relationships among them.

Loong benchmark spans three domains: financial reports, legal cases, and academic papers.

It includes 574 financial reports, primarily comprising the most recent quarterly and annual

filings from both English and Chinese companies. The legal domain consists of 629 Chinese

legal documents, exclusively sourced from cases adjudicated by higher and intermediate courts. For

the academic domain, 764 of the latest research articles are collected from arXiv. Table 3 provides

detailed data statistics and batching configurations used in our evaluation, including batch size,

average token, the average # of retrieved chunks, and the total tokens per batch.

4.1.2 Baselines. We compare our RAG-Sketch with several competitive baselines evaluated in the

benchmark. These baselines are broadly categorized into three types: RAG and its optimization,

long-context LLM, RQ-RAG and GraphRAG. Specifically, standard RAG (2020) [29] retrieves the

Top-𝐾 most relevant chunks and passes them to LLMs for answer generation. In our evaluations,

the RAG approach uses the OpenAI Embedding Model [43] for retrieval. We employ various values

of 𝐾 ∈ {10, 30, 50}. The chunk size is fixed at 1024 tokens to align with the Loong benchmark

settings [59]. Long-context LLM (2024) [59] introduces extrapolation techniques to extend the

input window up to 128K tokens. RQ-RAG (2024) [10] employs a trained LLM to decompose and

refine the original question in order to more accurately identify the required chunk augmentation.

GraphRAG (2024) [14] iterates through documents to extract knowledge for subsequent reasoning.

4.1.3 Evaluation Metrics. We adopt three evaluation metrics focusing on both prediction accuracy

and token costs. The prediction accuracy is measured using two benchmark-aligned metrics: the

average score and the Exact Match (EM) rate. Specifically, we follow the benchmark [59] to leverage

GPT-4o [44] as an automatic judge to evaluate generated answers against gold-standard references.

The prediction accuracy evaluation considers three key dimensions: accuracy, hallucination, and
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Table 4. Performance comparison on LLM-judged scores, exact match rate, and token costs. From Set 1 to Set
4, task complexity gradually increases, as reflected by the growing input tokens. The best result is highlighted
in bold, while the second-best is highlighted with underline. Ours achieves the highest average prediction
accuracy while maintaining low token consumption.

Method Spotlight Comparison Clustering Chain of Reasoning

Score EM Tokens Score EM Tokens Score EM Tokens Score EM Tokens

Set 1 (10-50K)

Long-Context LLM 68.49 0.55 37018.79 60.60 0.37 38077.03 47.08 0.08 37714.16 70.39 0.36 34338.15

RAG (Top-50) 51.08 0.35 37014.42 44.53 0.27 36698.77 37.96 0.05 37227.17 53.95 0.35 34340.06

RAG (Top-30) 57.26 0.40 28563.49 45.43 0.28 29159.05 40.04 0.06 29528.38 57.32 0.35 28299.91

RAG (Top-10) 59.81 0.43 9988.57 34.93 0.15 9954.87 29.33 0.02 10088.48 41.27 0.15 10101.71

RQ-RAG 72.31 0.54 35483.56 48.16 0.27 35772.26 47.44 0.07 41965.70 58.96 0.25 40319.63

GraphRAG 31.67 0.00 167327.35 27.60 0.00 171577.73 40.71 0.14 170287.25 54.29 0.43 154348.49

Ours 79.06 0.74 7003.02 62.33 0.25 12264.17 61.99 0.21 9908.72 82.94 0.58 21015.79

Set 2 (50-100K)

Long-Context LLM 64.53 0.43 72820.53 42.60 0.21 74878.43 38.52 0.05 69907.62 51.18 0.20 68393.15

RAG (Top-50) 55.94 0.32 50718.59 47.94 0.31 50874.76 34.32 0.03 49732.33 46.64 0.21 49965.77

RAG (Top-30) 66.27 0.46 30370.73 46.28 0.31 30514.06 38.95 0.05 30473.85 46.15 0.22 30386.27

RAG (Top-10) 67.07 0.53 10070.17 44.30 0.27 10146.01 34.31 0.05 10182.76 34.03 0.06 10121.80

RQ-RAG 57.35 0.46 42198.73 50.83 0.16 43658.24 42.85 0.03 43187.59 47.60 0.10 42469.25

GraphRAG 24.80 0.00 328563.39 14.29 0.00 337098.74 37.86 0.00 314585.30 46.25 0.12 307853.55

Ours 76.79 0.61 10348.06 58.62 0.31 15001.64 55.46 0.06 11056.57 71.71 0.31 11004.97

Set 3 (100-200K)

Long-Context LLM 46.99 0.27 115727.00 37.06 0.13 116815.25 31.50 0.02 105622.02 35.01 0.07 111197.83

RAG (Top-50) 67.44 0.50 50985.20 41.82 0.24 51055.93 31.59 0.04 50997.80 37.29 0.12 50923.02

RAG (Top-30) 73.69 0.55 30553.81 42.20 0.27 30611.78 32.78 0.02 30588.28 37.65 0.13 30563.63

RAG (Top-10) 67.50 0.46 10160.42 33.44 0.16 10194.79 27.94 0.02 10189.18 31.62 0.06 10170.94

RQ-RAG 50.50 0.13 43572.33 44.62 0.00 46387.81 36.98 0.00 41653.56 36.79 0.07 44287.08

GraphRAG 15.83 0.00 624393.42 27.40 0.00 649905.85 42.50 0.00 581037.49 43.33 0.17 576976.96

Ours 69.31 0.53 14001.15 54.95 0.19 20725.19 46.19 0.04 20731.12 67.59 0.29 16643.80

Set 4 (200-250K)

Long-Context LLM 33.18 0.16 116514.89 26.59 0.08 120457.08 29.84 0.01 117699.20 25.81 0.04 121086.84

RAG (Top-50) 51.63 0.26 51070.19 23.62 0.08 51125.80 24.49 0.00 51093.24 21.84 0.02 51061.42

RAG (Top-30) 52.17 0.24 30619.98 24.60 0.10 30674.05 26.78 0.00 30649.44 17.79 0.00 30623.82

RAG (Top-10) 50.32 0.28 10162.85 20.30 0.03 10216.55 24.56 0.00 10228.36 16.38 0.00 10165.05

RQ-RAG 29.17 0.08 41765.97 40.36 0.00 42517.51 26.92 0.00 40428.21 34.69 0.00 41693.21

GraphRAG 17.50 0.00 1105298.78 26.67 0.00 1053683.15 20.91 0.00 957721.37 33.67 0.33 975783.92

Ours 63.51 0.36 29072.83 44.35 0.03 25794.45 39.89 0.00 38070.64 64.23 0.35 26578.96

completeness, with each answer receiving a score ranging from 0 to 100. Regarding cost evaluation,

we follow the definition provided in Definition 2.4. While the overall cost of LLM usage depends on

both input and output token lengths [30], the output length is generally uncontrollable. Additionally,

in the long-context QA scenario, the input length, which spans from tens of thousands to hundreds

of thousands of tokens, is significantly larger than the output length and thus becomes the dominant

factor in cost. The detailed three metrics are as follows.

• The average score denoted as Score is calculated as the mean score across all instances.

• Exact Matching (EM) denotes the proportion of responses that achieve a perfect score (100).

• The token cost is the input number of tokens.
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(a) Spotlight (b) Comparison

(c) Clustering (d) Chain of Reasoning

Fig. 4. Score (left-axis bars) and Token (right-axis curve) comparison. All methods are ranked by Score.

4.2 Overall Comparison (RQ1)
We compare RAG-Sketch with various baselines on the Loong benchmark, which consists of four

tasks across four input length scales. As shown in Table 4, we evaluate RAG-Sketch against long-

context LLM, RAG (Top-𝐾 ) with the varying number of retrieved chunks, RQ-RAG, and GraphRAG.

To ensure a fair comparison, all methods, including RAG-Sketch, use the same backbone aligned

with the benchmark [59], specifically Qwen2.5-72B [64]. Furthermore, evaluations are conducted

using three metrics to assess both prediction accuracy and token costs. Overall, RAG-Sketch

achieves the best performance in terms of both Score and EM. This performance advantage can

be attributed to the skyline retrieval module combined with query decomposition, which ensures

comprehensive coverage of scattered information. These two components explicitly show the

information extraction requirements and enable the retrieval of all chunks that are likely to contain

the answers. In terms of token costs, RAG-Sketch maintains competitive efficiency, enabled by both

the skyline retrieval module and the chunk merging module. Based on the experimental results

presented in Table 4, we provide detailed observations and analysis as follows.

• RAG-Sketch achieves the highest average Score and EM on average across all four tasks while

maintaining low token costs when compared to other baselines in the benchmark. We provide

per-task plots that visualize token costs using a line plot on a log-scale alongside score bars,

and rank all methods in each subplot by score (high→ low) for easier comparison as shown in

Figure 4. There is token reduction of our method against the state-of-the-art baseline (SOTA)

in each task (e.g., 77.5% fewer tokens than SOTA in Chain of Reasoning task), highlighting

RAG-Sketch’s reduced token costs of LLM API calling while maintaining superior scores. This

performance advantage can be attributed to the effectiveness of the query decomposition module

and the skyline retrieval algorithm, which explicitly guide the information extraction and enable

the retrieval of the most relevant chunks.

• RAG-Sketch maintains a comparable token cost between RAG (Top-10) and RAG (Top-30), which

retrieve the top 10 and top 30 semantically similar chunks, respectively. Despite similar cost levels,

RAG-Sketch consistently outperforms RAG (Top-10) and RAG (Top-30) in prediction accuracy,

with average improvements of 72.8% and 45.5% across all tasks and data scales, respectively.
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In addition, RAG-Sketch achieves 192.7% and 68.5% higher EM across these tasks on average,

significantly surpassing the results of RAG (Top-10) and RAG (Top-30).

• GraphRAG is effective only when the target evidence can be naturally organized as a KG. In

the Loong benchmark, such KG-friendly queries mainly appear in the Clustering and Chain of

Reasoning tasks. This is reflected in Figure 4, where GraphRAG performs relatively stronger

on these two tasks. GraphRAG is among the top baselines on Clustering (35.49) and on Chain

of Reasoning (44.38). However, RAG-Sketch decomposes the query and selects an appropriate

extraction format (e.g., tables, time series, or KGs), leading to better overall performance.

Fig. 5. Ablation Study on QA Accuracy via Score (higher is better) and on token costs via Cost in log scale
(lower is better).

4.3 Ablation Study (RQ2)
For the long-context QA task, we evaluate performance in terms of both prediction accuracy and

token costs. As discussed in Section 3, the adaptive skyline retrieval based on the decomposed

extraction meta-query, which controls the quality of retrieved evidence, is the only component in

RAG-Sketch that affects QA accuracy. In contrast, both modules of RAG-Sketch contribute to token

cost savings, as adaptive skyline retrieval and set-cover chunk merging jointly reduce the number

of tokens processed. Thus, for the ablation study on QA accuracy, we replace the first module

with the standard dense retrieval strategy in traditional RAG. We evaluate four different values

of 𝐾 , as shown in Figure 5. Specifically, RAG-Sketch (Ours) achieves significantly higher average

scores across all 𝐾 settings and four different tasks in the ablation study.

Secondly, to assess the impact of the proposed modules in RAG-Sketch with respect to cost
savings, we design two groups of ablation experiments. In the first group, we remove the greedy

chunk merging module in Algorithm 3, denoted as “w/o Merging”. In the second group, we remove

both the merging module and the skyline operator for the adaptive Pareto optimal chunk retrieval

in Algorithm 2, denoted as “w/o Skyline + Merging”. In the third group, we apply the chunk reuse

strategy to the Pareto optimal chunks identified by the skyline retrieval module, denoted as “Worst

Case (Chunk Reuse)”. Specifically, chunk reuse ensures that each unique chunk in a batch is accessed

only once, serving as the worst case for the greedy selection process described in Algorithm 3.

As shown in Figure 5, removing either the skyline operator or merging module (denoted as “w/o

Skyline + Merging” and “w/o Merging”) leads to a significant increase in input token costs. This

demonstrates the effectiveness of our proposed modules in reducing retrieval overhead. Specifically,
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the skyline operator for Pareto optimal chunk selection module alone reduces costs by 56.0%, 72.0%,

67.8%, and 74.4% across four tasks on Set 1 to Set 4, respectively, when compared with the variant

lacking both modules. Moreover, RAG-Sketch further reduces costs by 22.4%, 44.5%, 58.6%, and

48.7% compared to the version without the merging module. On average, we reduce the billed token

cost by 23.33% compared to “Worst Case (Chunk Reuse)” curve, due to our greedy algorithm that

addresses the reuse process as an optimization problem.

(a) Binary Indicator and Score
Plateau

(b) Surrounding Context around Ti-
tle/Abstract

(c) Decomposition and Prompt De-
sign

Fig. 6. Influence analysis of each module in Skyline Retrieval on Spotlight Task across four data scales.

4.4 Analysis of Skyline Retrieval (RQ3)
In this subsection, we analyze the effectiveness of each proposed strategy within the skyline

retrieval module (Section 3.3). We use the HIT rate, defined as the accuracy with which retrieved

chunks contain the gold answer provided in the Loong benchmark’s spotlight task. Our evaluation

includes three settings: (1) Figure 6a assesses the binary indicator design (BM25 [21]) using a

score plateau or not for the presence dimension. The results indicate that using BM25 without

a plateau significantly reduces the HIT rate, whereas incorporating a plateau allows BM25 to

perform comparably to our method. (2) Figure 6b evaluates the efficacy of the semantic dimension

using 𝑞+title/abstract compared to more complex contexts. We compare (i) 𝑞+title/abstract (ours),
(ii) 𝑞+title/abstract + surrounding context (the two subsequent sentences), and (iii) 𝑞+summary

generated via an LLM. As shown in Figure 6b, (i) achieves robust HIT rates (0.962–1.000) across all

sets. In contrast, (ii) does not guarantee consistent improvements, and (iii) consistently degrades the

HIT rate, likely because LLM-generated summaries may omit core semantics. (3) Figure 6c examines

how query decomposition influences the extraction meta-query 𝐸 (𝑞), which guides the presence

dimension calculation 𝜙 (𝐶, 𝐸 (𝑞)). The results suggest that query decomposition is essential, as all

decomposition settings outperform the non-decomposed baseline. Furthermore, a two-shot prompt

provides the most cost-effective design; increasing to three shots yields no further gains, while one

shot proves insufficient.

4.5 Latency Evaluation (RQ4)
In this subsection, we investigate practical system latency by evaluating Queries Per Minute (QPM)

and Time To First Token (TTFT), as illustrated in Figure 7. Specifically, QPM is derived from

wall-clock time using the formula QPM = 60 ·𝑁 /𝑇 , where 𝑁 denotes the number of test queries and

𝑇 represents the total runtime. Our evaluation considers three distinct latency configurations: (i)

online serving mode, (ii) e2e mode, and (iii) the vLLM-driven [25] implementation of RAG-Sketch.

Online serving: RAG-Sketch improves accuracy score and Exact Match over vanilla RAG by

+57.25% and +155.05%, respectively, while maintaining comparable throughput (12.55 vs. 14.77

QPM) with vanilla RAG (online), i.e., a sub-second latency difference (4.78s/query vs. 4.06s/query).
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Fig. 7. Latency Evaluation. Bars in Figure 7a and Figure 7b show the average QPM. The curve reports
GraphRAG’s offline throughput (corpus processing per minute). Figure 7c reports the prefix hit rate of
vLLM-driven RAG-Sketch during generation phase. Figure 7d reports the corresponding latency improvement
on RAG-Sketch driven by vLLM.

Table 5. Two overhead modules invoking tokens

Query Decomposition Cost Chunk Retrieval Cost
Classification Prompt Inputs Prompt Inputs
AVG Tokens 294 215.77 55 800.15

RAG-Sketch (online) also delivers a 26.97× gain over GraphRAG (online) (0.505 QPM). End-to-
end (e2e) execution: The average e2e throughput for RAG-Sketch is 5.39 QPM (11.13 s/query).

Unlike our method, GraphRAG relies on corpus-level KG construction. For an average input of

105.2K tokens, this indexing process takes 2.10 hours (∼ 0.0079 corpus/min), demonstrating that

GraphRAG’s offline cost is substantially higher than our preprocessing overhead. Prefix-caching
(KV reuse) improves RAG performance by reusing KV states for repeated chunks during generation.

It enhances TTFT and saves token costs after feeding into LLMs during generation phase. RAG-

Sketch and prefix-caching are complementary. We thus combine RAG-Sketch with vLLM [25] with

results shown in Figure 7c and Figure 7d. Results confirm that combining RAG-Sketch with vLLM

further achieves a ∼8% prefix cache hit rate (reusing ∼8% of tokens in the generation prefill) and

improves TTFT by ∼22%, indicating that prefix caching complements RAG-Sketch to improve

cost-effectiveness and latency over RAG systems.

4.6 Tokens Comparison (RQ5)
In this subsection, we evaluate token costs of RAG-Sketch’s overhead LLMs invoking, and tokens

of baselines using chunk reuse strategy and caching mechanism.
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Table 6. Tokens Comparison on Chunk Reuse and Caching

Methods Spotlight Comparison Clustering Chain

LC-LLM (Origin) 85,520.30 87,556.95 81,110.41 85,379.34

LC-LLM (Chunk Reuse) 69,499.48 41,741.23 31,523.56 48,816.24

GraphRAG (Origin) 556,395.74 553,066.37 505,907.85 503,740.73

GraphRAG (LRU) 537,253.32 313,474.44 364,902.70 406,407.94

GraphRAG (LFU) 549,497.23 491,788.60 497,755.01 451,859.11

Skyline + Chunk Reuse 15,618.25 29,115.80 22,583.17 26,165.41

Ours (RAG-Sketch) 14,477.99 18,446.36 19,941.76 18,810.88

We report the average overhead tokens in Table 5. The query decomposition stage uses 294+215.77
tokens on average, and the chunk retrieval stage uses 55 + 800.15 tokens. Compared to the average

token cost across all methods for final generation in Table 4, which is 108,843.75, the overhead

accounts for only (294 + 215.77 + 55 + 800.15)/108843.75 = 1.25% per query.

To ensure a fair evaluation when baselines adopt batching or caching to reduce billed tokens, we

summarize the results in Table 6. Caching reduces billed tokens only by avoiding repeated LLM

invocations. Thus, we implement static-cache variants (LRU/LFU) for GraphRAG preprocessing,

which repeatedly calls an LLM to produce intermediate outputs (e.g., knowledge graph construction).

LRU and LFU reduce GraphRAG’s preprocessing billed tokens by 23.46% and 6.05%, respectively.

Nevertheless, RAG-Sketch still achieves substantially lower overall billed token cost: GraphRAG

(LRU/LFU) incurs 405,509.60/497,724.99 tokens, whereas ours incurs 18,076.32 tokens (95.54%/96.37%

fewer). For batch-level chunk reuse, we apply the same deduplication strategy to the long-context

baseline (“LC-LLM (Chunk Reuse)”) and to our skyline-retrieved chunks (“Skyline + Chunk Reuse”)

under the same batching setting (Table 3). Chunk reuse ensures each unique retrieved chunk is

included at most once, which serves as a worst case of our merging module (Algorithm 3). Our

greedy merging further reduces billed token cost by 23.33% on average relative to this worst case.

4.7 Backbone Influences (RQ6)
In this subsection, we investigate the robustness of RAG-Sketch across various backbone LLMs.

Specifically, the backbone models include GPT-4o, GPT-4o-mini, Deepseek-V3, and Qwen2.5-72B-

Instruct. As shown in Table 7, RAG-Sketch equipped with various backbones demonstrates robust

performance across four tasks and four data scales. Specifically, GPT-4o achieves the highest

prediction scores and exact match metrics. However, it also incurs the highest API calling fees per

token. Therefore, we recommend DeepSeek-V3, which offers comparable performance with lower

API costs. Furthermore, as larger size of the test set ranges from 10K to 250K, the performance gap

between set 1 to set 4 is acceptable 18% across different backbone models. Finally, we observe that

DeepSeek-V3 and Qwen2.5-72B-Instruct outperform GPT-4o on the Chain of Reasoning task, which

emphasizes logical deduction. This is possibly because DeepSeek-V3 and Qwen2.5-72B-Instruct are

optimized for structured reasoning and logical deduction.

5 Related Work
In this section, we review related work on enhancing LLM-based QA using a local corpus. The

related approaches fall into two main categories. The first directly processes long-context inputs

using advanced closed-source LLMs. The second category is RAG and its optimizations, which

mainly follows relevant facts retrieval to support answer generation [19, 38, 59].
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Table 7. Various LLM Backbones Evaluation on RAG-Sketch Framework.

Backbone Spotlight Comparison Clustering Chain of Reasoning
Score EM Score EM Score EM Score EM

Set 1 (10-50K)
DeepSeek-V3 74.43 0.40 64.50 0.28 71.50 0.27 85.15 0.65

Qwen2.5-72B 79.06 0.74 62.33 0.25 61.99 0.21 82.94 0.58

GPT-4o-mini 77.55 0.66 56.75 0.28 54.60 0.12 79.48 0.53

GPT-4o 84.15 0.75 58.75 0.30 74.73 0.36 80.57 0.54

Set 2 (50-100K)
DeepSeek-V3 79.57 0.54 63.00 0.34 64.13 0.13 76.86 0.50

Qwen2.5-72B 76.79 0.61 58.62 0.31 55.46 0.06 71.71 0.31

GPT-4o-mini 73.79 0.59 54.38 0.30 45.01 0.05 68.25 0.30

GPT-4o 85.00 0.84 58.62 0.30 66.40 0.17 69.44 0.37

Set 3 (100-200K)
DeepSeek-V3 77.06 0.59 59.63 0.33 53.74 0.06 75.23 0.45

Qwen2.5-72B 69.31 0.53 54.95 0.19 46.19 0.03 67.59 0.29

GPT-4o-mini 70.63 0.56 50.37 0.31 36.26 0.01 61.92 0.24

GPT-4o 84.25 0.71 56.40 0.22 54.69 0.06 73.30 0.39

Set 4 (200-250K)
DeepSeek-V3 62.45 0.30 45.88 0.20 50.85 0.01 72.54 0.44

Qwen2.5-72B 63.51 0.36 44.35 0.03 39.89 0.00 64.23 0.35

GPT-4o-mini 54.57 0.30 38.25 0.10 35.34 0.00 49.47 0.05

GPT-4o 77.55 0.62 39.50 0.08 57.84 0.00 64.56 0.25

5.1 Long-context Frontier Closed-source LLMs
Frontier closed-source LLMs [44, 64] such as GPT-4, GPT-5.1, as well as Google Gemini 2.5 Pro

expose extremely long context windows (400K for GPT-5.1 and 1,048,576 input tokens for Gemini 2.5

Pro) to directly process long-context inputs without truncation. To achieve such enlarged context

window, these systems typically couple long-sequence training with serving-side optimizations. For

example, prompt or context caching and discounted cached-input usage is introduced to make long

prompts feasible and reusable across requests. However, a longer window does not automatically

yield effective long-context QA performance. Similar to humans, LLMs tend to forget the middle

portions when processing long input texts [16]. To address this issue in QA tasks, some existing

methods focus on mitigating it by compressing the inputs [2, 18, 74].

Empirical studies show that given long context inputs for such frontier models, information

positioned near the middle of a long prompt is disproportionately forgotten, known as the “lost-in-

the-middle” effect [11, 53]. Modern pipelines therefore insert the inputs compression stage with

two goals, re-ordering passages and reducing overall length. Early work uses rule-based heuristics

metrics and inverse document frequency to prioritize diversity and mitigate redundancy [5],

whereas recent systems employ lightweight LLMs as learned cross-encoders that directly predict

passage utility [75]. On the other hand, the reducing works reduce the total length by removing

redundant tokens via extractive approaches by prompting small language models (SLMs) [37, 48]

or abstractive approaches by re-writing individual passages into compact paraphrases [54].

5.2 RAG and its Optimizations
The RAG pipeline primarily consists of two stages: fact retrieval and answer generation. Fact

retrieval in existing works typically involves two main steps: indexing and retrieval using the

constructed index [16]. Some approaches further introduce a pre-indexing module to process the
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user query [36, 72], or refine chunk division to preserve semantic coherence, aiming to improve

retrieval performance. In the generation phase, RAG generates answers based on the retrieved facts.

To reduce GPU computation costs and latency during this phase, KV cache and related techniques

are employed.

Pre-indexing. The pre-indexing module involves document chunking and optimization. To stay

within token limits, existing chunking methods often apply overlapping windows [68], preserve

sentence boundaries and semantic coherence [15], and adapt to domain-specific structures [55]. In

addition, some works perform user query pre-processing to refine the original query for improved

retrieval. This includes techniques such as query routing, query rewriting, and query expansion [36,

72], with the goal of producing clearer and more retrieval-suitable queries [16].

Indexing and Retrieval. For standard RAG, the indexing module involves textual representation

through either sparse embeddings such as Bag of Words [51] and TF-IDF [50] or dense embeddings

such as BM25 [21], GloVE [45], and BERT [13]. Vector representations are then stored in Approx-

imate Nearest Neighbour (ANN) indexes provided by Faiss or other higher-level toolkit [26, 34].

In contrast, RAG with structured data first extracts structured information, such as graphs and

tables, by iterating over the documents. It then applies Leiden-based [57] hierarchical community

detection so that queries can first hit a global community, then drill into local neighborhoods [14].

Existing retrieval approaches can broadly be divided into two complementary paradigms. The

first is semantic similarity ranking [69]. The second paradigm is two-stage semantic re-ranking,

which re-scores the top-𝐾 retrieved candidates with a more precise but computationally heavier

cross-encoder [42, 49].

Generation and Chunk Caching Optimizations. The generation phase is split into two steps, a

prefill pass that processes the prompt (including retrieved facts) and an autoregressive decode pass.

The KV cache plays a vital role in storing attention states to avoid redundant calculations. Standard

KV caching mainly accelerates within-request decoding, while cross-request KV reuse (often called

prefix caching) only works when prompts share an identical prefix. Thus, this is brittle for RAG

because retrieved chunks and their ordering can vary even under small query changes. To address

this, chunk caching as a RAG-oriented subclass of KV-cache reuse can cache precomputed KV

states for individual retrieved chunks (chunk caches) and reuses them across requests to reduce

prefill compute [24]. A primary example is Cache-Craft [1], which optimizes this approach by

identifying reusable chunks regardless of their surrounding context. Instead of a full recompute, it

fixes caches by selectively updating only the affected tokens or layers to maintain output quality.

This shift toward modularity is echoed in other recent systems like RAGCache [20], which utilizes

a multi-level GPU-host hierarchy for document states, and CacheBlend [65] or TurboRAG [35],

which focus on the complex task of blending these precomputed caches into a single, coherent

prompt.

6 Conclusions
In this paper, we propose RAG-Sketch, a novel and cost-effective framework for long-context QA

with LLMs. RAG-Sketch addresses the key challenges of achieving comprehensive information

retrieval while minimizing computational costs by introducing multi-choice query decomposition,

adaptive skyline chunk retrieval, and an efficient set-cover chunkmerging algorithmwith theoretical

guarantees. Experiments on widely used benchmarks demonstrate that RAG-Sketch consistently

outperforms existing methods in both accuracy and cost saving. These results highlight the potential

of RAG-Sketch to make the RAG framework more practical and scalable for real-world applications

that require processing large and complex document collections.
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