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Non-relational tables, such as spreadsheets and web tables, are widely used to store structured data, yet

they are primarily designed for human reading rather than machine-driven analysis. These tables often

contain hierarchical headers, merged cells, and implicit spatial semantics, making it difficult for large language

models (LLMs) to correctly interpret their structure. Moreover, real-world non-relational tables are often large,

leading to prohibitive token costs and poor scalability when processed directly by LLMs. To address these

challenges, we present NOAH, a system for accurate and scalable analysis of large non-relational tables using

natural language queries. Rather than loading the entire table into an LLM or transforming it into a relational

format, NOAH constructs a Hierarchical Semantic Index (HSI) in an offline phase that explicitly captures the

structure of row and column headers. HSI enables query-driven attribute linking, allowing NOAH to retrieve

only the data regions relevant to a given query. Building on HSI, NOAH employs a context-aware data analysis

pipeline that progressively resolves complex analytical queries through dynamic operator selection. To further

improve efficiency, NOAH incorporates embedding-based hierarchy search, together with a recall-guaranteed

dynamic thresholding strategy. We evaluate NOAH on real-world benchmarks for non-relational table analysis.

Experimental results demonstrate that NOAH outperforms the best-performing baseline by 31.2% in accuracy,

while scaling effectively to large tables and reducing LLM token consumption by at least 3.3×.
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1 Introduction
A vast amount of structured data in science, engineering, and the public sectors is stored in tables

that are primarily designed to be human-readable, such as spreadsheets and web tables [7, 20].

These tables are widely used to organize and communicate information ranging from product sales

and economic indicators to scientific measurements and population statistics. However, their layout

and schema conventions are optimized for human readability rather than automated machine

interpretation and analysis.

This mismatch between human-readable table design and machine-readable data analysis has

become increasingly problematic in the era of AI. Recent advances in large language models (LLMs)

have significantly improved natural language interfaces for data analysis, allowing users to pose

complex analytical questions without writing code or SQL [4, 36, 41]. While these techniques
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Min Average Max Std. Dev. Min Average Max Std. Dev.
Monthly Avg. 633 815 1,005 75.9 0.25 0.44 0.68 0.09

1 813 877 938 30.0 0.45 0.53 0.65 0.05
2 841 925 996 35.3 0.48 0.56 0.65 0.05
… … … … … … … … …
31 760 822 857 22.3 0.41 0.49 0.56 0.04

Monthly Avg. 636 786 979 80.5 0.23 0.38 0.59 0.08
1 809 862 909 28.6 0.37 0.46 0.55 0.04
2 824 909 965 36.5 0.41 0.49 0.58 0.04
… … … … … … … … …
28 764 800 830 18.1 0.34 0.42 0.51 0.05

… … … … … … … … … …

CO2 (lbs/MWh) SO2 (lbs/MWh)

Jan.

Feb.

Hierarchical 
Row Headers

Hierarchical 
Column Headers

Non-uniform 
Semantics 

within a ColumnMerged Cell

The maximum SO2 emission 
on February 28th is 0.51.

Cell Semantics:

The monthly average of the 
daily minimum SO2 emissions 
in February is 0.23.

Cell Semantics:

Fig. 1. A non-relational table with complex schema.

have shown strong performance on relational tables via NL2SQL pipelines [38, 49, 52], analyzing

non-relational tables using natural language remains challenging due to their complex schema and

the context length limitation of LLMs.

Unlike relational tables, where explicit schema and rich metadata facilitate semantic understand-

ing and reasoning, the schemas of non-relational tables are often implicit, hierarchical, and spatially

encoded through multi-level headers, merged cells, indentation, or visual grouping, as shown in

Figure 1. As a result, LLMs struggle to correctly interpret table structure and to identify relevant

data regions when reasoning directly over such inputs. This gap raises a fundamental question:

How can we transform human-readable non-relational tables into representations that are both easy

for AI systems to construct and effective for AI systems to analyze?

A natural approach is to convert non-relational tables into relational tables prior to analysis.

Recent work, such as AutoTables [23], explores automatically relationalization of spreadsheets

to enable downstream SQL-based querying. However, hard spreadsheets often do not neatly

fit a single relational schema, and automatic relationalization becomes increasingly difficult as

transformation complexity grows. For example, AutoTables reports that the relationalization success

rate on ATBench drops from 59.2% for tables requiring one transformation step to 38.5% for

tables requiring two steps [24]. On RealHiTBench [60], a benchmark of real-world spreadsheets,

AutoTables successfully relationalizes only 6.67% of tables. Even when relationalization succeeds, it

can introduce unnatural redundancy. For example, the “Monthly Avg.” column in Figure 1, which

aggregates daily metrics, would be repeated across many daily rows. These limitations suggest

that forcing non-relational tables into the relational paradigm is often insufficient.

Beyond schema complexity, scalability poses an additional challenge. Non-relational tables

are often large, leading to excessive token consumption or even exceeds the context limits of

LLMs. Existing LLM-based methods for non-relational table analysis, such as SheetAgent [11]

and SheetCopilot [22], inject the full table into the LLM context for every query, resulting in high

token usage and poor scalability as table size increases. Moreover, simply adopting long-context

LLMs does not fundamentally resolve this issue. Prior work shows that model performance often

degrades as context length grows [18, 26], due to the “lost in the middle” issue [30, 42] and the

misleading irrelevant information in the table. Consequently, how to analyze large non-relational

tables efficiently while preserving accuracy remains a critical open challenge.
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Our Proposal. To address these challenges, we propose NOAH, an LLM-based system for accurate

and scalable analysis of non-relational tables. Rather than directly processing the raw table or

attempting to transform an entire non-relational table into an alternative format (e.g., a relational

schema) [24, 46, 50, 56], we build a Hierarchical Semantic Index (HSI) that captures the hidden

attributes in a non-relational table and model their hierarchical relationships using a tree structure.

NOAH transforms an implicit, human-readable schema into an explicit and machine-interpretable

representation. Moreover, by serving as an index, HSI enables on-demand access to query-relevant

schema elements and data regions. Because only a small subset of a table is typically relevant to a

given analytical query, this design avoids placing the full table in the LLM context and directly

addresses the scalability challenges of LLM-based data analysis. Excluding irrelevant information

also improves analysis accuracy by reducing spurious distractions in the LLM context. NOAH consists
of two main components: offline schema indexing and dynamic context-aware data analysis.

Offline Schema Indexing. NOAH constructs the HSI offline once per table using an Iterative Hierar-

chy Construction algorithm, which recursively identifies and assembles header cells into an HSI tree

based on their spatial and semantic relationships, without requiring LLM processing over the full

table. At query time, HSI offers an attribute linking operator that evaluates the semantic relevance

between a user query and HSI nodes corresponding to implicit table attributes, selectively retrieving

only the data regions covered by the most relevant attributes. This design avoids full-table loading

and transformation, substantially reducing the computational cost while preserving analytical

accuracy.

As the HSI itself may be large, NOAH does not expose the entire index to the LLM during attribute

linking. Instead, it employs an embedding-based similarity search to filter the HSI nodes irrelevant

to the query. We further introduce a dynamic thresholding mechanism that adaptively determines

the similarity cutoff based on the score distribution, pruning as many nodes as possible while

guaranteeing high recall of relevant nodes.

To further facilitate LLM reasoning over the retrieved subtable [5], NOAH does not present it

directly to the LLM. Instead, it organizes the retrieved content into an AI-ready representation that

explicitly annotates each data cell with its semantic context, eliminating the need for the LLM to

reason over the original complex schema.

Dynamic Context-aware Data Analysis. To efficiently support complex analytical queries over

large non-relational tables, NOAH adopts an Dynamic Context-aware Data Analysis paradigm. Instead

of attempting to answer a query in a single step, NOAHmodels data analysis as an iterative reasoning

process that progressively refines both the query intent and the accessed data. NOAH conducts

analysis through a sequence of context-driven operation rounds, where each round incrementally

refines the analytical focus, e.g., rewriting a complex query, retrieving relevant data, or generating

intermediate answers, based on the evolving analytical context.

In each round, NOAH orchestrates a set of analytical operators, including Query Rewrite, Data

Retrieval, and Answer Generation. A key design principle is that analytical operators are selected

dynamically based on the current context, rather than following a fixed, pre-computed execution

plan. Unlike traditional query processing pipelines or static LLM-based workflows, where the oper-

ator sequence is determined upfront, analysis over non-relational tables is inherently exploratory.

Therefore, NOAH continuously adapts its operator choices according to the evolving context, which

captures the query intent, retrieved data and intermediate results.

Beyond deciding which operator to perform, NOAH also determines how each operator should be

instantiated. For example, when precise numerical computation or structured transformation is

required, NOAH prefers code generation to ensure accuracy and reliability. In contrast, when the task

involves interpretation, summarization, or reasoning, NOAH invokes the LLM to generate textual

responses. These decisions are made on the fly by examining the evolving analytical context.
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Contributions. The main contributions of this paper include:

• To the best of our knowledge, NOAH is the first framework that jointly address accuracy and

scalability for natural language-based analysis of non-relational tables.

• We propose the Hierarchical Semantic Index (HSI), which captures the complex schema of

non-relational tables and enables efficient, query-driven data retrieval. A hybrid search strategy

further reduces LLM reasoning cost while preserving high recall.

• We design a context-driven analysis framework that progressively resolves complex analytical

queries through adaptive operator orchestration, augmented with context pruning to improve both

efficiency and answer accuracy.

• Our extensive experiments on real-world non-relational tables demonstrate that NOAH achieves

high accuracy in data analysis while scaling effectively to large tables. In particular, NOAH outper-
forms the best-performing baseline by 31.2% in accuracy, while reducing LLM token usage per

query by at least 3.3×.

2 NOAH Overview
2.1 Problem Formulation
Given a non-relational table T and a natural language query 𝑞, the goal of NOAH is to correctly

answer 𝑞 using the data in T while satisfying the following key requirements:

• Accuracy: correctly infer the query intent and capture the table semantics to produce accurate

answers.

• Scalability: support large, non-relational tables whose size exceeds the context length of LLMs.

• Cost Efficiency: minimize LLM-related costs, including token usage and inference latency.

Supported Tables. We focus on hard non-relational tables.

Definition 2.1 (Hard Non-relational Table). A non-relational table is a “hard” table if it satisfies at

least one of the following properties: (a) Hierarchical headers: headers form multi-level parent–child

structures, so that multiple headers across one or both dimensions jointly determine the semantics

of a data cell; (b) Bi-dimensional hierarchical headers: the header cells defining the spreadsheet

schema are organized along both the row and column dimensions; or (c) Non-uniform column

semantics: cells within the same column contain heterogeneous types of content, such as raw values

or aggregates.

Such non-relational tables are common: all 90 RealHiTBench [60] tables are hard tables, and

prior work reports that fewer than 3% of WebSheet tables have a clear relational schema [16].

Supported Queries.We focus on analytical queries over a single table that can be expressed as

compositions of common data analysis operations, primarily aggregation and filter. Specifically,
NOAH supports standard aggregate functions such as Min, Max, and Sum, as well as filtering predicates
including comparisons, range conditions, and conjunctions or disjunctions of multiple predicates.

For example, NOAH can answer queries such as: “Among January and February, which month exhibits

the smallest overall variation in SO2 emission and which day within that month records the highest

average CO2 level?”. The final answer is formatted as a structured relational table; for this query,

the table has columns “Month” and “Day”, and one row: “February” and “4th”.

2.2 SystemWorkflow
As illustrated in Figure 2, NOAH enables natural language–based analysis of non-relational tables

through a two-phase workflow that combines offline schema indexing with online, context-aware

query execution. At a high level, NOAH builds a Hierarchical Semantic Index (HSI) for each table

offline, and leverages this index at query time to drive an LLM-powered, adaptive query execution

pipeline.
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(a) Header Identification

(b) Index Construction

CO2 (lbs/MWh)

Min Average Max Std. Dev
SO2 (lbs/MWh)

Row-HSI Nodes

Col-HSI Nodes

Node: Jan.
·value: "Jan."
·span: [3,34]
·children: 
[<node "Monthly Avg.">]

Col-Header Region

NL Query:
Among January and 
February, which month 
exhibits the smallest 
overall variation in SO₂ 
emissions, and which day 
within that month records 
the highest average CO₂ 
level?

<QUERY_REWRITE>
Among January and 

February, which month 
exhibits the smallest overall 
variation in SO₂?

<DIRECT_QA>
February exhibits the 

smallest overall variation in 
SO₂.

<QUERY_REWRITE>
Which day in February 

records the highest average 
CO₂ level?

<DIRECT_QA>
February has the 

smallest SO₂ variation, and 
February 4th shows the 
highest average CO₂ level.

(c) Dynamic Context-
aware Data Analysis

<SUB_TABLE_EXTRACTION>

Row:[9-36] Column:[4]

<SUB_TABLE_EXTRACTION>

Row:[3,34] Column:[10]

<CODE_EXECUTION>
...
max_value=max(avgs)
day=avgs.index(max_value)+
1
...

Execution result: 4

…
Jan.

Monthly Avg.

1
2

31

…

…
Feb.

Monthly Avg.

1
2

28

Min Average Max Std. Dev

Min Average Max Std. Dev. Min Average Max Std. Dev.
Monthly Avg. 633 815 1,005 75.9 0.25 0.44 0.68 0.09

1 813 877 938 30.0 0.45 0.53 0.65 0.05
2 841 925 996 35.3 0.48 0.56 0.65 0.05
… … … … … … … … …
31 760 822 857 22.3 0.41 0.49 0.56 0.04

Monthly Avg. 636 786 979 80.5 0.23 0.38 0.59 0.08
1 809 862 909 28.6 0.37 0.46 0.55 0.04
2 824 909 965 36.5 0.41 0.49 0.58 0.04
… … … … … … … … …
28 764 800 830 18.1 0.34 0.42 0.51 0.05

… … … … … … … … … …

CO2 (lbs/MWh) SO2 (lbs/MWh)

Jan.

Feb.

Row-Header 
Region

<QUERY_REWRITE>
Among January and 

February, which month 
exhibits the smallest overall 
variation in SO₂?

(a) Identify Header Regions
(b) Build Hierarchical 
Semantic Indexes

Offline Phase: Hierarchical Semantic Index Construction

Online Phase: Dynamic Context-aware Query Execution

VALUE
Jan. Monthly Avg. SO2(lbs/MWh) Std. Dev. 0.09
Feb. Monthly Avg. SO2(lbs/MWh) Std. Dev. 0.08

KEY

VALUE
Feb. 1 CO2 (lbs/MWh) Average 862
Feb. 2 CO2 (lbs/MWh) Average 909
Feb. … CO2 (lbs/MWh) Average …
Feb. 31 CO2 (lbs/MWh) Average 800

KEY

Fig. 2. The end-to-end workflow of NOAH.

Offline Phase: Hierarchical Semantic Indexing. NOAH constructs an HSI that explicitly encodes

the latent hierarchical structure of a non-relational table. Given a raw table, NOAH first performs

header identification, using LLMs to detect header cells and infer their spatial organization. To

balance accuracy and cost, NOAH employs a pattern-based filtering strategy to avoid feeding the

full-table to LLMs. This process identifies both row headers and column headers, shown as blue and

orange regions in Figure 2(a), respectively. Row headers form a calendrical hierarchy (e.g., month,

monthly average, day), while column headers encode metric-related hierarchies (e.g., emission

types and aggregation functions).

Based on the identified headers, NOAH builds the HSI as a tree-based structure. Each node corre-

sponds to a header cell and stores its textual content together with the span of rows or columns it

governs in the table. Edges capture hierarchical relationships between headers. To simplify the index

structure, NOAH decouples row and column semantics and independently constructs a Row-HSI

and a Col-HSI. The resulting index enables efficient mapping from high-level header semantics to

concrete data cells, and serves as the foundation for query-driven data access.

Online Phase: Dynamic Context-aware Query Execution. In the online analysis phase, NOAH
processes each user query using an LLM-powered, context-aware execution engine. Rather than

prompting an LLM to directly generate a final answer, NOAH resolves a query iteratively through a

sequence of analysis steps, dynamically adapting its execution based on intermediate results.

Given the query shown in Figure 2(c), NOAH first invokes the Query Rewrite operation to derive a

simpler sub-query that isolates part of the analytical intent. Next, NOAH performs Data Retrieval,

which consults the HSI to conduct attribute linking: it identifies the query-relevant attributes and

retrieves only the corresponding data regions from the table. To ensure efficiency, attribute linking
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combines embedding-based similarity search with LLM-based semantic matching, allowing NOAH
to avoid loading all attributes into the LLM context. The retrieved data is then transformed into an

AI-ready representation that makes cell-level semantics explicit and facilitates downstream LLM

reasoning.

Finally, NOAH executes the Answer Generation operation to answer the current sub-query. De-

pending on the characteristics of the sub-query and the size of the retrieved data, NOAH dynamically

selects between direct question answering, which uses LLM reasoning for lightweight analytical

tasks (e.g., selection or comparison), and code execution, which synthesizes Python programs for

deterministic computation (e.g., aggregation). In the running example, NOAH selects direct question

answering, as the sub-query does not require complex numerical processing.

NOAH iterates the above process, refining the query intent and reusing intermediate results, until

the original user query is fully resolved. We next present the technical details of HSI (Sec. 3),

followed by the dynamic, context-aware analysis framework (Sec. 4).

3 Hierarchical Semantic Index
We first define the Hierarchical Semantic Index (HSI), then describe how to construct it from raw

tables, and finally present the HSI-based attribute linking operator used during query execution.

3.1 Definition of Hierarchical Semantic Index
A typical non-relational table comprises three components: column headers, row headers, and data

cells [64]. Unlike relational schemas, column and row headers in non-relational tables often exhibit

nested hierarchical relationships. Accurately identifying and modeling these latent hierarchies

is essential for NOAH to correctly and efficiently answer analytical queries. Therefore, NOAH pre-

processes each table by identifying its headers and encoding them into the AI-ready HSI. Compared

to relational schemas, this tree-based structure can be constructed directly from raw non-relational

tables and is more amenable to LLM-based reasoning.

Row headers and column headers typically encode different semantic dimensions of a table [6].

In real tables, row headers often describe entities or temporal structures (e.g., dates or categories),

while column headers describe attributes, metrics, or measurement types. For example, as shown

in Figure 2(a), the row hierarchy captures a calendrical structure, whereas the column hierarchy

represents emission types and aggregation metrics. Therefore, HSI adopts a dual-tree hierarchical

structure, consisting of a Row-HSI and a Col-HSI that separately model the row- and column-header

hierarchies. This simplifies the index structure and reduces the complexity of attribute linking.

Definition 3.1 (Node in HSI). A node in an HSI is defined as a tuple 𝐼 =

(𝐼 .children, 𝐼 .value, 𝐼 .span),where (a) 𝐼 .children is an ordered list of child HSI nodes, de-

noted as [𝐼1, 𝐼2, . . . , 𝐼𝑘 ], representing child-levels in the hierarchy; (b) 𝐼 .value is the semantic content

of the node, corresponding to a header cell in the table; and (c) 𝐼 .span denotes the contiguous

range of row or column indices in the original table governed by the node, represented as a pair

(start, end).

In Figure 2(b), the node Jan. contains a value “Jan.”, a set of child nodes corresponding to

individual days in January, and a span of (3, 34) indicating the rows associated with January.

Through such nodes, HSI encodes hierarchical header relationship and establishes a direct mapping

from headers to data regions, thus enabling efficient attribute discovery and date retrieval during

query execution.
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3.2 Construction of HSI
NOAH first identifies header region and then builds HSI, progressively extracting and organizing the

latent structural and semantic information from a non-relational table into a dual-tree structure.

3.2.1 Identify Header Regions
It determines which rows and columns contain header cells[15] that encode the hierarchical

semantics of the table, similar to the attributes of relational tables. Due to the diversity and

complexity of table structures, it is challenging to reliably detect header regions using fixed rules

or handcrafted heuristics.

We formulate header detection as a classification problem. For column header detection, each

row is classified as either a header row or a non-header row; row header detection is handled

analogously. A naive solution would prompt an LLM with the entire table and classify each row (or

column) independently. However, this is inefficient and does not scale to large tables.

To address this challenge, we exploit the following observation: rows or columns that contain

header cells exhibit distinct structural patterns compared to data rows. For example, in Figure 2(a), the

first two rows are column headers, where all cells are either textual or empty, whereas subsequent

rows primarily contain numerical data. Based on such row/column patterns discovered from data,

NOAH employs an iterative detection strategy to automatically identify headers without relying on

predefined table-layout templates.

We describe column header detection below; row header detection follows the same procedure.

First, we define the pattern of a row as the collection of the characteristics of the cells in that row.

Definition 3.2 (Row Pattern). The pattern of a row 𝑟 in table 𝑇 with 𝑛 columns is defined as a

vector of cell features:

Pattern(𝑟 ) = [𝑓 (𝑐1), 𝑓 (𝑐2), . . . , 𝑓 (𝑐𝑛)],
where 𝑐𝑖 is the cell at column 𝑖 in row 𝑟 , and 𝑓 (𝑐𝑖 ) is a function that captures key characteristics of

cell 𝑐𝑖 as follows:

𝑓 (𝑐𝑖 ) = (IsMergedCell(𝑐𝑖 ),DataType(𝑐𝑖 ), Formatting(𝑐𝑖 ))

IsMergedCell(𝑐𝑖 ) ∈ {1, 0}; DataType(𝑐𝑖 ) ∈ {Text, Numeric, Empty}; Formatting(𝑐𝑖 ) is a 3-

dimensional binary vector indicating whether 𝑐𝑖 uses bold, italic, and underline formatting, extracted

using openpyxl [2], a widely used library for processing spreadsheets.

NOAH maintains a set of observed non-header patterns Pnon-header. Rows are accessed sequentially

from top to bottom. For each row 𝑟 , if Pattern(𝑟 ) ∈ Pnon-header, NOAH immediately classifies 𝑟 as a non-

header row without invoking the LLM. Otherwise, NOAH classifies 𝑟 using an LLM-based classifier,

taking the row content and its neighboring rows as input. If a row 𝑟 is classified as a non-header

row and its Pattern(𝑟 ) has been observed more than 𝐾 (empirically set to 5) times, the Pattern(𝑟 )
is added to Pnon-header. We track non-header patterns Pnon-header rather than header patterns because

non-header rows are typically more consistent and homogeneous (e.g., numeric cells with consistent

formatting). This strategy allows NOAH to identify header regions without requiring loading the full

table into the LLM context. On RealHiTBench[60], a real world non-relational table corpora, NOAH
skips LLM classification for 88.3% of rows on average without sacrificing detection accuracy.

3.2.2 Build Hierarchical Semantic Index (HSI)
NOAH constructs the HSI by organizing the identified headers into a tree that captures their latent

hierarchical relationships.We observe that, inmost human-designed tables, even thosewith complex

hierarchical structures, header layouts tend to follow a consistent pattern: within a row header

region, headers that appear earlier from left to right usually correspond to higher-level concepts in

the semantic hierarchy, while later columns represent finer-grained levels. An analogous pattern
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Algorithm 1: Iterative Hierarchy Construction

Input: Table𝑇 , header region R
header

, primary axis prim ∈ {row, col}, secondary axis sec ∈ {row, col}
Output: Hierarchical Semantic Index 𝐼

1 𝐼 ← tree with root node ⟨ROOT⟩;
// Process header cells in positional order (primary axis first)

2 S ← LexSortCells(R
header

, prim, sec) ;
3 foreach cell 𝑢 ∈ S do

// Collect cells from previous/current levels (as candidates)

4 P ← GetCandidates(𝑢, prim, sec) ;
// Validate parent-child relation using two heuristics

5 P
valid
← ∅;

6 foreach 𝑝 ∈ P do
7 if SpatialValid(𝑝,𝑢 ) ∨ SemanticValid(𝑝,𝑢 ) then
8 P

valid
← P

valid
∪ {𝑝 };

// Select the best candidate parent using a positional rule (primary first)

9 if P
valid

≠ ∅ then
10 𝑝★ ← argmax𝑝∈P

valid
LexScore(𝑝, prim, sec) ;

11 AddEdge(𝐼 , 𝑝★,𝑢 ) ;
12 else
13 AddEdge(𝐼 , ⟨ROOT⟩,𝑢 ) ;

14 return 𝐼 ;

holds for column header regions. For example, in Figure 2(b), the left-to-right ordering of the

row header columns indicates that month labels (e.g., “Jan.”, “Feb.”) are higher-level headers than

day-level entries (e.g., “Monthly Average”, “1”, “2”, . . .) in the semantic hierarchy. In the column

header region, the higher-level headers are positioned above the lower-level headers.

This observation guides us to design an Iterative Hierarchy Construction algorithm (Algo-

rithm 1) to efficiently and effectively infer parent–child relationships among header cells. Given

a row header region, the algorithm processes header cells in positional order, prioritizing the

primary axis (left-to-right for row headers, top-to-bottom for column headers) (Line 2). To accu-

rately establish parent–child relationships, NOAH identifies a set of candidate parent headers from
previously processed cells (Line 4). For example, to form the parent–child pairs in Figure 2(a), when

processing the day value “2” (column 2, row 5), the header cells located in its upper-left region,

namely “Jan.”, “Monthly Average”, and “1”, are treated as candidate parent headers. To validate

parent–child relationships, each candidate pair is evaluated using two criteria (Lines 6–8):

• Spatial Validity. This rule leverages the spatial relationship of header cells. If a candidate parent
header spatially covers the current header with a merged-cell layout, the current header is assigned

as its child. For example, in Figure 2(b), the header “Jan.” spans multiple rows and thus spatially

covers day values “Monthly Average”, “1”, “2”, etc., making it a valid parent candidate.

• Semantic Validity. This rule explores the semantic relationship of header cells. If the textual

content of a candidate header semantically subsumes or describes the current header, the current

header is regarded as its child. For example, in Figure 2(b), the header cell “Monthly Average”

semantically subsumes day values such as “1” and “2”, and is therefore a valid parent for these

nodes.

Spatial validity is evaluated using deterministic layout checks, whereas semantic validity relies

on LLMs. To avoid repeatedly invoking LLMs during the hierarchy construction process, NOAH
prompts the LLM once per header region to analyze header texts and identify all semantically valid

parent–child pairs in advance. During construction, a candidate parent–child pair is considered

valid if it satisfies either condition (Lines 5–7). When multiple valid parent candidate exist, NOAH
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Jan … CO2 (lbs/MWh) Average …
Jan 31 CO2 (lbs/MWh) Average 760

KEY

Fig. 3. Example of Attribute Linking with HSI.

selects the most appropriate one using a positional rule that favors spatial proximity along the

primary axis. For example, in Figure 2(b), both (“Monthly Average”, “1”) and (“Jan.”, “1”) are valid

parent—child pairs. However, “Monthly Averag” is selected as the parent of “1”, because it appears

closer in the positional order, reflecting a finer-grained hierarchical relationship.

Next, NOAH assigns a span to each HSI node, indicating the contiguous range of rows or columns in

the original table governed by that header. For the Row-HSI, the table is partitioned into contiguous

row segments based on row header positions; the same procedure applies to columns for the

Col-HSI. For example, in Figure 2(b), the node “1” governs only row 36, yielding a span of (36, 36),
while “Jan.” spans rows (3, 34).

Finally, the complete HSI is serialized into a JSON-like representation, where each node is encoded

as a (value, span) pair, and each node recursively references its list of child nodes.

3.3 Attribute Linking with HSI
Unlike relational tables, where attributes are explicitly defined as columns, attributes in non-

relational tables are implicit and embedded within complex header hierarchies. The HSI, constructed

offline, exposes an attribute linking operation to the query execution engine during online analysis.

Given a query, attribute linking identifies the HSI nodes that correspond to the implicit attributes

relevant to the query intent, and retrieves only the associated data regions from the table. This

operation plays a role analogous to schema linking in NL2SQL [33, 53, 55], critical to both the

accuracy and efficiency of non-relational table analysis.

An approach is to traverse all HSI nodes and invoke an LLM to assess their relevance to the query.

Although effective in principle, it is prohibitively expensive for large tables with deep hierarchies.

Therefore, we design a two-stage strategy that combines embedding-based similarity search with

LLM-based semantic matching.

3.3.1 Two-stage Search Strategy
NOAH first embeds the incoming query and each HSI node into a vector space [19] using a pre-trained

embedding model [67]. The embedding for a node is constructed by concatenating the textual

values of all ancestors along the path from the root to the node. For example, in Figure 2(b), the
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Row-HSI node “1” is represented as “January > Monthly Average > 1”, allowing the embedding

to encode both local and hierarchical semantics. NOAH computes similarity scores between the query

embedding and all HSI node embeddings, only retaining nodes whose similarity exceeds a cut-off

threshold, thus yielding a small candidate set for further inspection.

Next, NOAH applies LLM-based semantic matching to the candidate set. The LLM is prompted

in a Chain-of-Thought [21] manner to reason about whether each candidate node aligns with the

query intent and select the most relevant nodes.

Example 1. As illustrated in Figure 3, for the query “Which day in January has the highest average

CO2 emissions?”, embedding-based similarity search identifies candidate nodes such as (January,

Monthly Avg., Day 1), (January, Monthly Avg., Day 7) . . . LLM-based semantic matching then

validates these candidates and identifies the true positive nodes corresponding to all days in January.

Using the span information stored in the selected HSI nodes, NOAH retrieves the corresponding

data cells, producing a compact sub-table containing only the daily average CO2 values in January.

3.3.2 Embedding-based Similarity Search
The effectiveness of attribute linking highly depends on selecting an appropriate similarity thresh-

old. Ideally, it should be high to minimize the number of candidates passed to the LLM, while

ensuring that all relevant attributes are retained.

A common practice is to apply one empirically chosen threshold to all queries. Such a fixed

threshold is brittle, as the number of relevant nodes vary substantially across different queries and

tables.

We propose a Dynamic Thresholding strategy that automatically determines the retrieval

threshold based on the distribution of similarity scores. Prior work [39, 54] shows that cosine

similarity scores between queries and documents often exhibit a bimodal distribution, corresponding

to relevant and irrelevant items. Thus, we model the similarity scores with a Gaussian Mixture

Model (GMM) and derive a threshold to separate relevant and irrelevant nodes.

Formally, let 𝑋 denote the similarity score between the query and an HSI node, and let 𝑧 ∈ {0, 1}
be a latent variable indicating whether the node is relevant (𝑧 = 1) or irrelevant (𝑧 = 0). We model

the distribution as:

𝑋 | 𝑧 = 1 ∼ N(𝜇1, 𝜎21 ) (relevant nodes)

𝑋 | 𝑧 = 0 ∼ N(𝜇0, 𝜎20 ) (irrelevant nodes)

𝑃 (𝑧 = 1) = 𝜋, 𝑃 (𝑧 = 1) = 1 − 𝜋
(1)

where 𝜋 is the prior probability that a node is relevant. We fit the GMM parameters to the similarity

scores of all HSI nodes using the Expectation-Maximization (EM) algorithm [14].

Next, NOAH select a threshold 𝜏 and retrieve all nodes with similarity scores 𝑋 ≥ 𝜏 . To balance

efficiency and recall, it finds the largest threshold 𝜏 that retrieves all relevant nodes with high

confidence:

max

𝜏
𝜏 s.t. P(recall = 1 | 𝑋 ≥ 𝜏) ≥ 𝛾

(2)

where 𝛾 is the confidence level (e.g., 0.9). Note that 𝛾 does not represent the recall rate itself; rather

the probability that all relevant nodes are retrieved. This distinction is crucial: missing even a single

relevant node (i.e., recall < 1) can fail downstream query execution.

The following lemma characterizes an upper bound on the retrieval threshold 𝜏 that satisfies the

recall constraint.

Lemma 2 (Dynamic Thresholding). The threshold 𝜏 satisfying the recall constraint in (2) is upper

bounded by

𝜏 ≤ 𝜇1 + 𝜎1Φ−1
(
1 − 𝛾1/𝑁

𝜋

)
, (3)
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where Φ(·) is the standard normal CDF and 𝑁 is the number of HSI nodes.

Proof. We first define a “bad event”𝐴 as the event that a relevant node is missed during retrieval:

𝐴 := {𝑧 = 1, 𝑋 < 𝜏} (4)

The probability of this event is:

P(𝐴) = P(𝑋 < 𝜏 | 𝑧 = 1) · 𝑃 (𝑧 = 1) = 𝐹𝑋 |𝑧=1 (𝜏) · 𝜋 (5)

𝐹𝑋 |𝑧=1 (𝜏) = Φ

(
𝜏 − 𝜇1
𝜎1

)
(6)

where 𝐹𝑋 |𝑧=1 (𝜏) is the cumulative distribution function (CDF) of the Gaussian component for

relevant nodes, and Φ(·) is the CDF of the standard normal distribution.

Therefore, P(recall = 1 | 𝑋 ≥ 𝜏) can be expressed as:

P( Recall = 1) = P

(
𝑁⋂
𝑖=1

𝐴𝑐
𝑖

)
=

𝑁∏
𝑖=1

(1 − P (𝐴𝑖 )) = (1 − 𝑝𝐹1 (𝑇 ))𝑁 (7)

where 𝐴𝑐
𝑖 is the complement of the bad event for node 𝑖 , and 𝑁 is the total number of nodes in the

HSI. Thus, the constraint P(recall = 1 | 𝑋 ≥ 𝜏) ≥ 𝛾 can be rewritten as:(
1 − 𝜋𝐹𝑋 |𝑧=1 (𝜏)

)𝑁 ≥ 𝛾 (8)

We can solve this inequality for 𝜏 and yield:

𝜏 ≤ 𝜇1 + 𝜎1Φ−1
(
1 − 𝛾1/𝑁

𝜋

)
(9)

□

NOAH sets 𝜏 to the upper bound in Eq. 3 and retrieve all nodes with similarity scores above 𝜏 . This

yields a compact candidate set while providing a probabilistic guarantee that all relevant attributes

are retained for subsequent LLM-based semantic matching.

With this dynamic thresholding method, NOAH remains effective even if the embedding-similarity

distribution does not exhibit a clean bimodal structure, for example, when many HSI nodes share

long common header prefixes. In such cases, the similarity distribution may be weakly separable.

More specifically, when the fitted components are not well separated, the upper-bound threshold

in Eq. 3 will become more conservative, resulting in a lower retrieval threshold and thus a larger

candidate set.

3.4 Computational Cost Analysis
We analyze the computational cost of NOAH in terms of table access, LLM tokens, and embedding/index

operations. Assume a table has𝑚 rows and 𝑛 columns, with𝑚𝑐 column-header rows and 𝑛𝑟 row-

header columns. For Header Region Identification, the table-access cost is 1 +𝑚 + 𝑛. The worst-case
LLM input token cost is 𝑂 (𝑚𝑛). However, in practice, repeated row/column patterns allow many

calls to be skipped; on RealHiTBench, only 11.7% of cells are sent to the LLM in this step. The

LLM output cost is negligible because each call returns only a binary label. For HSI construction,

the worst-case LLM token cost and embedding/index cost are both 𝑂 (𝑚𝑐𝑛 + 𝑛𝑟𝑚), corresponding
to detected header cells and their valid relationships. These costs are incurred once per table and

amortized across multiple queries over the same table.
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average CO₂ level: {max_value}")

Execution result: Day 4 has 
the highest average 
CO₂ level: 935

OperationIntermediate Results
…

Fig. 4. Workflow of the query execution engine in NOAH.

4 Dynamic Context-aware Data Analysis
The NOAH query execution engine offers a set of operators and leverages an LLM as a planner to

produce a customized analysis pipeline for each query. Rather than generating a complete execution

plan upfront, NOAH adopts a progressive plan-and-execute paradigm: it incrementally selects and

executes operators based on intermediate results obtained so far, until a satisfactory answer is

produced. The workflow is illustrated in Figure 4. As a result, complex queries may trigger multiple

rounds of planning and execution, while simpler queries can often be answered in only a few steps.

This dynamic, context-aware execution model enables NOAH to effectively handle diverse analytical

queries over complex non-relational tables.

Overall Workflow. NOAH provides three operators: Query Rewrite, Data Retrieval, and Answer

Generation. The Query Rewrite operator leverages LLM reasoning to transform a complex query

into a more manageable sub-query in natural language. Note that the rewritten query need not be

a strict logical sub-query; rather, it represents an intermediate analytical goal. Given an analysis

intent, the Data Retrieval operator invokes the attribute linking in HSI to identify the subset of data

required to answer that intent. Finally, the Answer Generation operator produces intermediate or

final results based on the retrieved data and the intermediate execution context. Next, we discuss

this interactive data analysis process shown in Algorithm 2.

Let C𝑡 = (𝑞, 𝐻𝑡 ) denote the analysis context at step 𝑡 , where 𝑞 is the original user query and 𝐻𝑡

represents the history of executed operators and their results up to step 𝑡 . Let O = {O1,O2, . . . ,O𝑛}
denote the set of available operators, namely Query Rewrite, Data Retrieval, and Answer Generation.

At each step, NOAH evaluates the current context C𝑡 and produces a Proposal, which is a compact

intermediate reasoning state generated by the LLM that summarizes the current analysis progress

and identifies the next analytical operator (Line 4). Taking as input the current context C𝑡 , the
generated Proposal𝑡+1, and the set of possible operators O, NOAH invokes the LLM as a planner to

select the most appropriate operator O∗𝑡+1 for execution (Line 5).

For example, suppose the current context C𝑡 contains the original query 𝑞 and the result of a

data retrieval step that extracts a relevant sub-table from the original table. The corresponding

Proposal may summarize the progress as: “I have extracted the relevant data for the query. Next, I

need to analyze this data to generate an answer.” Based on the current context and the Proposal, the

Planner evaluates the suitability of each operator in O and selects the Answer Generation operator

as the optimal next operator O∗𝑡+1.
NOAH then executes the selected operator O∗𝑡+1 to generate new intermediate results R𝑡+1 (Line 6)

and update the analysis context accordingly. Specifically, the tuple (Proposal𝑡+1,O∗𝑡+1,R𝑡+1) is
appended to the execution history to form the updated context C𝑡+1 (Lines 12–13). Depending on
the selected operator, this step may involve retrieving additional data from the input table T or

generating an intermediate or final answer to the query.

This process is repeated iteratively until a final answer is produced (Lines 14–15) or a predefined

maximum number of steps is reached (Line 3), in which case NOAH returns NoAnswer (Line 17).
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Algorithm 2: Dynamic Context-aware Data Analysis

Input: Operator set O and initial context C = (𝑞, ∅)
Output: Final answer

1 𝑡 ← 1;

2 P ← ∅; // Set of pruned step ids

3 while maximum steps not reached do
4 Proposal𝑡 ← LLM

evaluator
(C) ;

5 O∗𝑡 ← argmaxO𝑖 ∈O 𝑃 (O𝑖 | C, Proposal𝑡 ) ; // Select operator

6 R𝑡 ← Apply(O∗𝑡 , C) ; // Execute operator

// Prune non-informative steps

7 if O∗𝑡 is Data Retrieval or Answer Generation then
8 if LLMassessor (R𝑡 ) = False then
9 P ← P ∪ {𝑡 };

10 if O∗𝑡 is Query Rewrite then
11 Prune step 𝑡 ′ from C if 𝑡 ′ ∈ P;
12 𝐻𝑡 ← C.history;
13 C ← (𝑞,𝐻𝑡 ⊕ (Proposal𝑡 , O∗𝑡 , R𝑡 ) ) ; // Update context

14 if IsFinal(R𝑡 , C) then
15 return R𝑡 ;
16 𝑡 ← 𝑡 + 1;
17 return NoAnswer;

Throughout the analysis process, NOAH accesses the input table T and the HSI exclusively through

the Data Retrieval operator. As a result, all subsequent LLM reasoning is performed only on query-

relevant subsets of the table, substantially improving efficiency and reducing LLM computation

cost. In Algorithm 2, the only step relying on the LLM is operator selection (Line 5), while other

steps, are performed by deterministic functions.

Context Management. As data analysis progresses, the length of the analysis context grows over

time. However, not all intermediate steps contribute equally to producing the final answer. For

example, some steps may generate Python code with run-time errors. Such intermediate results

can be uninformative or even harmful for subsequent reasoning, as they may distract the LLM and

degrade performance [28, 44].

To address this issue, we introduce a context pruning strategy that selectively removes less useful

steps from the analysis context. As illustrated in Algorithm 2, after executing a Data Retrieval or

Answer Generation operator, NOAH invokes an LLM-based assessor to evaluate the usefulness of the

resulting intermediate result (Line 8). If the output is deemed unhelpful (e.g., erroneous code or

irrelevant data), NOAH marks the corresponding step for pruning (Line 9).

Importantly, NOAH does not immediately remove such steps from the context. Instead, pruning is

deferred until the nextQuery Rewrite operator is selected. This design allows potentially informative

failure signals, such as error messages or incorrect intermediate results, to remain available for

diagnosing and correctingmistakes in subsequent reasoning steps.When theQuery Rewrite operator

is triggered, it indicates that the analysis of the previous intermediate intent has concluded and the

system is transitioning to a new analytical intent. At this point, previously marked steps can be

safely pruned from the context (Lines 10–11).

As shown in Section 5.4, context pruning not only helps reduce the context length, but also

improves the accuracy of the final answers. In the following subsections, we describe each operator

in NOAH’s query execution engine in detail.
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Fig. 5. Query Rewriting with Evidence Pool

4.1 Query Rewrite Operator
The original user query may be complex and multifaceted, often requiring multi-hop reasoning

over both table structure and content, which makes it difficult for an LLM to resolve in a single

step [9, 62]. The Query Rewrite operator (<QUERY_REWRITE>) addresses this challenge by rewriting

a complex data analysis query into a more focused analytical intent that is easier for the LLM to

handle. NOAH invokes this operator iteratively, resolving each rewritten intent in sequence and

progressively accumulating intermediate results, ultimately producing a comprehensive answer to

the original query.

In contrast, existing approaches [52, 63] typically decompose a complex query into multiple

sub-queries, and execute them independently, either in parallel or sequentially. This independent

execution model tends to fail to exploit shared reasoning and reusable intermediate results across

sub-queries, leading to redundant computation and unnecessary data access.

For example, consider a user query 𝑞: “What is the difference between the minimum and maximum

CO2 emissions in January?” A typical decomposition yields two sub-queries: 𝑞1: “What is the

minimum CO2 emission in January?” and 𝑞2: “What is the maximum CO2 emission in January?”

Both sub-queries require retrieving and aggregating the same set of January CO2 emissions records.

Executing them independently results in repeated data retrieval and aggregation, as illustrated

in Figure 5 (a). Since retrieving relevant data from non-relational tables is already costly, such

redundant access further amplifies the overall computational cost.

To address this limitation, rather than decomposing 𝑞 into multiple sub-queries parallelly, NOAH
performs query rewriting in an incremental manner. Specifically, NOAH generates a simplified sub-

query 𝑞1 and attempts to resolve it first. Based on the intermediate results obtained from answering

𝑞1, NOAH decides whether a subsequent query 𝑞2 is necessary, using the results of 𝑞1 as evidence.

For example, as illustrated in Figure 5 (b), to answer sub-query 𝑞1, NOAH retrieves the relevant
data, i.e., the January CO2 emission records. Then, from these records it derives a new evidence 𝑒 ,

including the minimum and maximum values as byproducts, since both are useful for answering

the original query. Therefore, it is unnecessary to generate sub-query for the maximum value,

thereby avoiding redundant retrieval and reprocessing. In this example, although the immediate
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subquery asks only for the minimum value, NOAH produces the maximum value as a byproduct, as

it is contained in the retrieved cells. Because this information is useful for answering the original

query, NOAH retains it in the evidence pool.

To enable such evidence-driven decision making, NOAH maintains a Query-aware Evidence Pool 𝐸

throughout the analysis process [48, 65, 70]. The evidence pool is continuously augmented with

intermediate findings that contribute to resolving parts of the original query 𝑞. Based on the current

contents of 𝐸, NOAH determines whether additional sub-queries are required and generates the next

sub-query to address the remaining unresolved aspects of 𝑞.

NOAH manages the evolving evidence pool using two LLM-powered primitives: Evidence Genera-

tion and Evidence Curation.

Evidence Generation. After each analysis operation (e.g., Data Retrieval or Answer Generation),

NOAH invokes Evidence Generation to extract new evidence from the intermediate results. Each

evidence item 𝑒 is represented as a textual statement that captures a factual finding relevant to the

original query.

Evidence Curation. Newly generated evidence is incorporated into the pool through Evidence

Curation. Rather than naively appending all evidence, it identifies and removes redundant entries

to maintain a compact and informative evidence set. For instance, suppose the evidence pool 𝐸

already contains 𝑒𝑖 : “The CO2 emission in Jan. is 19,550 lbs/MWh.”. After a new evidence item 𝑒 : “The

CO2 emission in Jan. is 19,550 lbs/MWh, with a maximum of 943 and a minimum of 772.” is generated,

NOAH retains only 𝑒 and discards 𝑒𝑖 .

Sub-query Proposal. If <QUERY_REWRITE> is triggered, NOAH synthesizes a simplified sub-query

𝑞sub that targets the analytical objective not yet answered by the current evidence pool. It then

adds this sub-query to the analysis context for subsequent processing. Figure 5 (b) shows the

evidence-aware query rewriting process.

4.2 Data Retrieval Operator
The Data Retrieval operator extracts query-relevant information from a table using the HSI, and

converts it into an AI-ready representation to facilitate downstream analysis.

Data Retrieval. To support different retrieval requirements, different retrieval requirements,

NOAH offers two physical implementations of this operator—<SUB_TABLE_EXTRACTION> and

<HIERARCHY_EXTRACTION>—analogous to physical operators in relational databases.

<SUB_TABLE_EXTRACTION> supports queries that require accessing specific data values from the

table, such as “What is the average CO2 emissions in February?”. Given a query, this operator invokes

the Attribute Linking operation in HSI to identify the relevant attributes and the data cells they

govern, and then extracts a sub-table containing only those cells.

<HIERARCHY_EXTRACTION> supports queries that can be answered directly based on the HSI

without having to access the underlying data cells. For example, a user may ask “How many emission

types are tracked in the table?”. In such cases, extracting raw data values is unnecessary. Instead,

NOAH directly retrieves the relevant hierarchy from the Col-HSI or Row-HSI and computes the

answer by operating on the hierarchy structure (e.g., counting the number of leaf nodes). By

avoiding data cell extraction, this operator substantially reduces the number of input tokens passed

to the LLM. Similar to <SUB_TABLE_EXTRACTION>, this operator also relies on the Attribute Linking

operation in HSI, but only extracts the corresponding hierarchy layers from HSI.

AI-ready Representation. Although LLMs demonstrate strong capabilities in natural language

understanding, they are not primarily trained to reason over two-dimensional tabular data with

complex hierarchical layouts [25, 45, 47]. Rather than directly feeding an extracted sub-table, often

containing nested headers and implicit structure, into an LLM or flattening it into an unstructured
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text sequence, NOAH encodes the retrieved data into a cell-annotated, AI-ready representation to help

LLMs better understand the semantics.

Specifically, each data cell is represented as a <key, value> pair, where the key is the concate-

nated paths of the cell in the Col/Row-HSI trees, and the value is the cell content. For example, in Fig-

ure 3, the data cell “813” is encoded as “<January–Monthly Average–1, CO2(lbs/MWh)–Average>,
813”, making the cell semantics explicit, and allowing LLMs to reason over individual values with-

out interpreting complex table structures. Unlike relational tables, which are also easy to analyze

but expensive to derive from non-relational inputs, this representation can be generated efficiently

from HSI without schema inference or table normalization.

4.3 Answer Generation Operator
The Answer Generation operator produces an answer to a given query, which may correspond to

the original user query or an intermediate sub-query generated by the Query Rewrite operator.

There are two common paradigms for answering natural language queries with LLMs: (1) direct

question answering (QA), where the LLM directly generates an answer from the provided context,

and (2) program synthesis, where the LLM generates executable analysis code (e.g., Python) whose

execution yields the answer [8, 17]. These two paradigms are suitable for different analytical

scenarios. Program synthesis, using data analysis library such as Pandas, is well suited for queries

that involve numerical computation, aggregation, filtering, or access to a large number of data cells,

as executing generated code over structured data is more scalable and reliable than having the

LLM reason directly over large contexts. In contrast, direct QA is effective for queries that require

semantic interpretation, comparison, or lightweight reasoning over a small set of values, such as

matching entities or searching answers [10].

Based on the above observations, NOAH implements two physical operators for answer generation:

<DIRECT_QA> and <CODE_EXECUTION>, corresponding to direct question answering and program

synthesis, respectively. At runtime, NOAH dynamically selects between these two operators based

on the characteristics of the query and the retrieved data.

Specifically, NOAH selects <CODE_EXECUTION> if either of the following conditions holds: (1) Data
Volume: the relevant data volume is large (empirically, over 30 cells); and (2) Computation
Complexity: the query involves numerical computation, aggregation, filtering, or other data

manipulations. If neither condition is met, NOAH selects <DIRECT_QA> to generate the answer

directly.

5 Experiments
Our experiments aim to answer the following research questions:

• RQ1: End-to-end Performance vs. Baselines. How does NOAH compare with existing ap-

proaches in terms of answer accuracy and token consumption on non-relational table analysis

tasks?

• RQ2: EfficiencyAnalysis.How efficiently does NOAH reduce the number of HSI nodes processed

by the LLM through embedding-based attribute linking, and how much does NOAH reduce token
consumption compared with baseline methods?

• RQ3: Ablation Study of Main Components. How effective are the key design choices in

NOAH, including HSI, dynamic context-aware data analysis, and context pruning, in improving

overall system performance?

• RQ4: Robustness and Sensitivity Analysis. How robust is NOAH across different LLMs, and

how sensitive is our header region identification to the threshold 𝐾 and formatting cues?
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5.1 Experimental Setup
Datasets. To evaluate NOAH, we conduct experiments on two benchmarks: RealHiTBench [60] and

MiMoTable [27]. We select these benchmarks for two main reasons: (1) Both contain real-world

non-relational tables from diverse domains, paired with analytical natural-language queries; (2)

they differ substantially in table scale, with RealHiTBench containing longer tables with 372 rows

on average, while MiMoTable contains shorter tables with 26 rows on average. The two datasets

are summarized as follows:

• RealHiTBench [60] is a challenging benchmark for evaluating LLMs on complex tabular tasks.

In our experiments, we focus on the numerical reasoning task, as it is most relevant to NL-based

data analysis. This task consists of 90 long tables and 203 queries.

• MiMoTable [27] is designed to evaluate LLM-based question answering over spreadsheets. The

dataset covers seven domains and includes a variety of spreadsheet layouts. The dataset contains

150 tables and 591 queries.

Note that we have also evaluated NOAH on the SSTQA [50] benchmark, which was provided in a

baseline method (ST-Raptor) [50] and has simpler table structures. NOAH wins on this benchmark.

Due to space limit, we do not present the detailed results.

Evaluation. We evaluate NOAH by measuring Execution Accuracy (EA), defined as follows:

𝐸𝐴 =
1

𝑁

𝑁∑︁
𝑖=1

1(𝐴𝑖 = 𝐴
pred

𝑖
) (10)

where 𝑁 is the number of queries, 𝐴𝑖 is the ground-truth answer, and 𝐴
pred

𝑖
is the predicted answer.

Following [31], we use Claude 3.5 Sonnet [3] as an LLM-based judge to assess answer correctness.

Baselines. NOAH is an inference-time LLM-based framework that does not rely on any task-specific

training or fine-tuning. For a fair comparison, we evaluate it against inference-time baselines

designed for table analysis.

• Bare LLM. We prompt a black-box LLM with the table and the query and ask it to either (i)

directly output the answer or (ii) generate a Python program whose execution yields the answer.

• Chain of Thought (CoT)[58]. We augment the Bare LLM prompting with an in-context

Chain-of-Thought demonstration.

• Binder[12]. Binder is a training-free neuro-symbolic framework that maps task inputs to

executable programs augmented with LLM API calls, enabling programmatic reasoning.

• ReAcTable[66]. ReAcTable answers a query viamulti-step execution, where each step generates

code to produce intermediate artifacts used in subsequent steps until the final answer is obtained.

• SheetAgent [11]. SheetAgent integrates multiple agentic modules (e.g., Planner, Informer, and

Retriever) to perform step-by-step data analysis.

• TreeThinker [60]. TreeThinker decomposes a query into multiple key words and finds the

matching headers from a table to build a keyword-header tree, which will be incorporated into the

prompt to generate the answer.

• ST-Raptor[50]. ST-Raptor prompts a Vision Language Model to turn a table into a tree, decom-

poses a query into multiple concurrent sub-queries, and generates pipelines of a set of pre-defined

tree operations to solve the problem.

• DocETL [43]. DocETL optimizes LLM-based document-processing pipelines. We adapt DocETL

by serializing tables as documents and carefully define a pipeline to process them.

Note that to evaluate the impact of context length, for Bare LLM and CoT, we test the cases that

select the first 𝑘 rows of the table as input context, where 𝑘 sets to 30 and 90. To prevent the planner

from entering an infinite loop, Alg. 2 sets the maximum number of steps conservatively to 30.

Proc. ACM Manag. Data, Vol. 4, No. 4 (SIGMOD), Article 282. Publication date: September 2026.



282:18 Linan Zheng, Chuan Lei, and Lei Cao

Binder
ReAcTable

SheetAgent
TreeThinker

ST-Raptor
NOAH

Aggregation Filter Hybrid0.0

0.2

0.4

0.6

0.8

1.0

Ac
cu

ra
cy

(a) RealHiTBench

Aggregation Filter Hybrid

(b) MiMoTable

Fig. 7. Execution accuracy by query type.

Binder
ReAcTable

SheetAgent
TreeThinker

ST-Raptor
NOAH

[4, 69)
[69, 136)

[136, 370)

[370, 546)

[546, 4501)0.0

0.2

0.4

0.6

0.8

1.0

Ac
cu

ra
cy

(a) RealHiTBench

[3, 13)
[13, 19)

[19, 23)
[23, 34)

[34, 137)

(b) MiMoTable

Fig. 8. Execution accuracy by table size.
Table 1. Execution accuracy (%) of different models on RealHiTBench
and MiMoTable.

Method a RealHiTBench MiMoTable

Bare LLM (30)
b

19.70 36.20

Bare LLM (90) 16.25 37.22

Bare LLM (full) 15.27 37.22

CoT (30) 12.21 39.25

CoT (90) 19.21 38.74

CoT (full) 17.24 38.74

Binder 11.83 36.72

ReAcTable 34.98 60.24

ST-Raptor 27.59 54.82

DocETL 70.37 74.28

SheetAgent 43.84 66.33

SheetAgent (Gemini 2.5 Flash) 24.13 43.65

TreeThinker 61.57 71.57

TreeThinker (Gemini 2.5 Flash) 61.08 72.41

NOAH 80.78 76.65

NOAH (Gemini 2.5 Flash) 74.87 80.54
a
Unless otherwise noted, we use Claude 3.5 Sonnet [3] as the underlying

LLM for all methods to ensure fair comparison.

b Bare LLM (k) and CoT (k) indicate that the model is prompted with the

first 𝑘 rows of the table; full denotes the entire table.

5.2 RQ1: Accuracy Comparison with Baselines
We conduct extensive experiments to evaluate the effectiveness of NOAH. To ensure a fair comparison,

we use the same underlying LLM (i.e., Claude 3.5 Sonnet) for all baselines as well as our approach. To

show the performance of NOAH on different LLMs, we evaluate the three most performant methods

on Gemini 2.5 Flash [13]. The results in Table 1 lead to the following observations.

First, NOAH consistently outperforms all baselines on both benchmarks, demonstrating its effec-

tiveness in answering analytical queries over non-relational tables. We observe that DocETL is

the best-performing baseline. However, its performance is sensitive to the user-defined pipeline.

In our setting, we use a carefully designed two-stage pipeline that first extracts query-relevant

cells and then generates the final answer based on the extracted content. If DocETL uses a simpler

pipeline to directly generate answers from the serialized raw table, its accuracy drops to 60.5%

on RealHiTBench and 74.2% on MiMoTable. Among tree-based approaches (i.e., TreeThinker and
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ST-Raptor), TreeThinker achieves better performance than ST-Raptor. This is because TreeThinker

constructs the keyword-header tree in plain text through end-to-end prompting, enabling inference

of the tree structure of the headers. In contrast, ST-Raptor relies heavily on explicit layout cues (e.g.,

merged cells) to capture relationships between headers and data cells. In real-world non-relational

tables, such layout structures are often absent and thus must be inferred from content.

Second, several baselines that generate code to process tables perform substantially worse than

NOAH. These approaches primarily focus on addressing the complexity of query reasoning, while

overlooking the complexity of non-relational table structures. For, example, although Binder can

generate code to process tabular data, its core operation, i.e., adding new columns to a table, is

poorly aligned with non-relational table analysis. Thus, Binder struggles to correctly identify and

operate on the relevant data regions.

Third, feeding more rows to a bare LLM does not necessarily improve performance. On Real-

HiTBench, the Bare LLM achieves higher execution accuracy when using only the first 30 rows

(19.70%), suggesting that excessive rows may obscure key structural information, such as headers,

due to “lost-in-the-middle” [30].

Finally, replacing Claude 3.5 Sonnet with Gemini 2.5 Flash significantly degrades the code-

generation-based SheetAgent, while the QA-based TreeThinker remains relatively stable. Since

Gemini 2.5 Flash has weaker code-generation capability than Claude 3.5 Sonnet [1, 59], NOAH shows
some performance drop on the more data-intensive RealHiTBench, but remains stable on the

MiMoTable.

Accuracy Breakdown by Different Query Types. To further understand the behavior of NOAH
across different analytical workloads, we categorize queries into three classes: Aggregation, Filter,

and Hybrid, where Hybrid queries combine aggregation and filtering operations. In RealHiTBench,

the query distribution consists of 1.1% Aggregation, 31.5% Filter, and 67.4% Hybrid queries; in

MiMoTable, the proportions are 25.9%, 40.0%, and 34.1%. As shown in Figure 7, NOAH consistently
outperforms all baselines across both benchmarks and all query types. We observe that Filter

queries are generally more challenging than Aggregation and Hybrid queries, because they require

precise identification of implicit attributes and fine-grained data regions in non-relational tables. In

contrast, Aggregation queries often involve more uniform or repetitive values, making relevant

headers and data easier to identify.

Accuracy Breakdown by Different Table Sizes. We evaluate NOAH’ robustness by analyzing

accuracy across tables of different sizes, i.e., the number of rows. We group tables into size-based

bins, with each bin containing an equal number of tables. The results are shown in Fig. 8. As table

size increases, several baselines exhibit a decline in execution accuracy, reflecting their limited

ability to scale to larger tables. NOAH maintains relatively stable performance across all table size

bins, demonstrating its scalability and robustness. The performance of some baselines does not

strictly decrease with table size, as seen in Fig. 8. This behavior can be attributed to the fact that

certain large tables exhibit simpler structures or more regular data patterns, making their implicit

schemas easier for LLMs to infer despite increased size.

Performance on Challenging Cases. Real-world non-relational tables can be structurally

irregular and large. To evaluate NOAH on such challenging cases, we construct a stress-test set of

100 large tables, each with more than 10,000 rows, and 300 natural-language queries.

It covers two atypical layouts: sparse-header, where more than 80% of cells in a header row or

column are blank, and interior-header, where header cells appear inside the table rather than only in

top-left regions. The queries cover common analytical operations, such as filtering and aggregation.

On average, each query involves 2,629.32 relevant rows in the sparse-header subset and 2,196.09

rows in the interior-header subset.
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Fig. 9. Impact of 𝛾 values on execution accuracy and number of hierarchy nodes processed by LLM on
RealHiTBench.

As shown in Table 2, NOAH achieves 51.33% execution accuracy on sparse-header tables and

47.33% on interior-header tables, substantially outperforming the best baselines, DocETL and

TreeThinker. Sparse-header tables obscure header-value correspondence due to many blank header

cells, while interior-header tables require recognizing header regions beyond conventional top-left

positions. These results show that NOAH’s HSI and context-aware execution can better capture

atypical table structures at scale. We also observe that interior-header tables are more challenging

than sparse-header tables, because sparse-header tables still preserve a relatively clear boundary

between header and data regions, whereas interior-header tables place headers inside the table

body, making it harder to distinguish headers from data cells and determine their scope.

Table 2. Execution accuracy on challenging cases.

Method Sparse-header Interior-header

DocETL 22.67 18.67

TreeThinker 8.67 7.33

NOAH 51.33 47.33

5.3 RQ2: Efficiency Analysis
Efficiency Analysis of Attribute Linking. We evaluate the efficiency of the embedding-based

attribute linking in reducing the computational cost of LLM reasoning. As discussed in Section 3.3.2,

a larger 𝛾 value increases the likelihood of retrieving all relevant hierarchy nodes and the corre-

sponding data from the table, which can improve execution accuracy, but at the expense of higher

computational overhead. To quantify this trade-off, we vary 𝛾 and examine its impact on both

execution accuracy and efficiency, measured by the number of hierarchy nodes processed by the

LLM.

As shown in Fig. 9, as 𝛾 increases, accuracy improves, indicating that retrieving more hierarchy

nodes helps the LLM generate more accurate results. However, beyond a certain point (e.g., 0.7), the

accuracy gains begin to diminish. Meanwhile, the number of hierarchy nodes processed by the LLM

also grows, reflecting increased computational cost. Notably, this increase is not linear: when 𝛾 rises

from 0.5 to 0.9, the number of processed nodes grows slowly, whereas setting 𝛾 = 1 (i.e., recalling

all hierarchy nodes) leads to a sharp increase in cost. These results indicate that a moderate 𝛾 value

(e.g., 𝛾 = 0.9) achieves a good balance between execution accuracy and computational efficiency.

We further observe that the number of row hierarchy nodes processed by the LLM is substantially

larger than that of column nodes. This reflects the characteristics of long non-relational tables,

which typically contain many more rows than columns. Column headers usually correspond to

a small set of metrics or attributes, whereas row headers often encode categorical or indexing

information and thus grow proportionally with table length. Despite these differences in scale
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Table 3. Token and cell consumption per query on RealHiT and MiMo
benchmarks.

Benchmark Method Cells / Query Tokens / Query

RealHiT

ReAcTab 10,684.62 59,971.13

End-to-End Prompting
a

5,473.04 21,807.71

NOAH 478.01 4,356.66

MiMo

ReAcTab 1,471.27 10,504.96

End-to-End Prompting
a

295.60 1,495.61

NOAH 90.08 952.72

a
End-to-end prompting methods require prompting the LLM with the entire

table at least once, e.g., Bare LLM, CoT, SheetAgent, TreeThinker, ST-Raptor

and DocETL. Here we report the results of one round of prompting.

and semantics, the embedding-based hierarchy search effectively reduces both row and column

candidate sets.

Token Consumption Efficiency. We measure the average number of table cells accessed and

the corresponding LLM input tokens on RealHiTBench and MiMoTable, with results summarized

in Table 3. By leveraging HSI to selectively retrieve query-relevant data, NOAH avoids prompting

the LLM with the entire table while preserving answer accuracy, leading to substantially lower

token consumption than baseline methods. Each <SUB_TABLE_EXTRACTION> operation requires

one table access, one query-embedding computation, and one HSI similarity search, and is invoked

1.27 times per query on average on RealHiTBench. As shown in Table 3, NOAH uses only 19.97% of

one-shot full-table prompting. The output token cost is small because outputs are concise, such as

operator names, rewritten subqueries, or analytical code.

5.4 RQ3: Ablation Study of Main Components
Ablation Study of HSI and Interactive Operations. To assess the effectiveness of the HSI and

the context-aware data analysis paradigm, we conduct an ablation study on the RealHiTBench

benchmark. For efficiency, we report the number of operations, i.e., the number of LLM steps

executed to reach the final answer. The average number of steps NOAH executes is only 5.38, much

smaller than the upper bound limit (30). NOAH reaches this limit only once on RealHiTBench.

To evaluate the impact of the HSI, we remove it entirely and prompt the LLM with the full table,

allowing it to dynamically generate operations to answer the query. To evaluate the impact of the

dynamic context-aware data analysis, we perform two sets of ablations. First, we disable the dynamic

analysis process and require the LLM to generate a complete response in one shot. Second, we

disable each operator described in Section 4 (e.g., <HIERARCHY_EXTRACTION>, <QUERY_REWRITE>,
etc.) one at a time, while keeping the rest of the system unchanged. The results are summarized in

Table 4.

We observe that disabling the context-aware analysis leads to the largest degradation in accuracy

(a drop of 22.96%), highlighting the critical role of interactive planning and execution in NOAH.
Removing the HSI also results in a substantial accuracy decrease (22.30%), demonstrating that

explicit hierarchical modeling provides valuable structural guidance for LLM reasoning over non-

relational tables.

Furthermore, removing HSI significantly increases the number of operations (by 82.72%). This

indicates that, without explicit hierarchical structure, the LLM requires more trial-and-error steps

to identify relevant data. In contrast, HSI enables NOAH to generate more accurate and efficient

execution plans.
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Table 4. Ablation study of Hierarchical Semantic Index and
interactive operations on RealHiTBench.

NOAH Acc. (%) Total Operations

Base (𝛾=1) 81.42 565
w/o Hierarchical Semantic Index 62.84 1089

w/o Context-aware Data Analysis 62.30 -

w/o <SUB_TABLE_EXTRACTION> 66.12 1061

w/o <QUERY_REWRITE> 79.78 593

w/o <DIRECT_QA> 78.14 723

w/o <CODE_EXECUTION> 78.68 536

To further evaluate <QUERY_REWRITE>, we compare NOAH with and without this operator on

SSTQA-hard [50], containing complex multi-hop queries. Removing <QUERY_REWRITE> degrades
accuracy siginficantly from 60.65% to 50.82%.

Disabling <CODE_EXECUTION> causes only a small accuracy drop, since many queries involve

limited retrieved data and can be answered through direct LLM reasoning. Specifically, the number of

tuples processed per query ranges from 1 to 1324, with a median of 20. However, <CODE_EXECUTION>
becomes particularly useful in data-intensive settings: on the challenging benchmark in Section 5.2,

where each query involves 2,412.71 relevant rows on average, removing it reduces accuracy from

49.33% to 28.67%.

Ablation Study of Context Pruning. We evaluate the impact of context pruning under different

values of 𝛾 . As shown in Table 5, context pruning improves efficiency without sacrificing execution

accuracy, especially when 𝛾 is small. A smaller 𝛾 makes attribute linking more selective, which

reduces LLM processing cost but may retrieve incomplete data and lead to erroneous intermediate

steps, as discussed in Section 5.3. Context pruning mitigates this issue by removing such misleading

steps from the context before subsequent reasoning and operator selection.

Table 5. NOAH with and w/o context pruning.

𝛾 NOAH Acc. (%) Total Operations

0.7

w/o Context Pruning 78.81 908

w/ Context Pruning 80.29 665 (↓26.76%)

0.8

w/o Context Pruning 79.31 784

w/ Context Pruning 80.78 596 (↓23.98%)

0.9

w/o Context Pruning 81.28 639

w/ Context Pruning 81.28 580 (↓9.23%)

5.5 RQ4: Robustness and Sensitivity Analysis
Robustness to Different Underlying LLMs. To evaluate the robustness of NOAH across LLMs,

we test it with Claude 3.5 Sonnet, Claude 4.6 Sonnet, Gemini 2.5 Flash, Gemini 3.1 Pro, and GPT-4.1.

As shown in Table 6, NOAH achieves strong performance with all models. The accuracy drop with

GPT-4.1 is due to its weaker code-generation capability compared with other models [32]. More

specifically, each prompt in NOAH consists of a static system prompt and a dynamic context prompt.

The same static prompt is used across all LLMs, while the dynamic prompt is constructed from

query-relevant data. Thus, the consistently strong performance across model families suggests

that NOAH is not tightly coupled to model-specific prompt tuning. Instead, its performance mainly
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Fig. 10. Vary threshold 𝐾 in header region identification.
depends on core components such as HSI-based retrieval and context-aware execution, as further

supported by the significant performance drop when HSI is removed in Table 4.

Table 6. Robustness of NOAH under different underlying LLMs.

Underlying Model RealHiTBench MiMoTable

GPT-4.1 70.89% 74.28%

Claude 3.5 Sonnet 80.78% 76.65%

Gemini 2.5 Flash 74.87% 80.54%

Claude 4.6 Sonnet 82.01% 77.32%

Gemini 3.1 Pro 75.66% 81.72%

Sensitivity Analysis w.r.t. Threshold 𝐾 . To evaluate sensitivity to the threshold 𝐾 , we vary

𝐾 from 1 to 8. Intuitively, a smaller 𝐾 allows more rows/columns with repeated patterns to skip

LLM-based classification, while a larger 𝐾 makes skipping more conservative. However, if 𝐾 is

too small, more header-related patterns may be mistakenly treated as non-header patterns, which

can reduce recall. Therefore, 𝐾 should be chosen to balance identification accuracy and efficiency.

As shown in Fig. 10a, the F1-score remains high when 𝐾 ≥ 4. This is because NOAH maintains a

set of non-header patterns rather than header patterns, thus a smaller 𝐾 causes more patterns to

be classified as non-header patterns, which can reduce recall. In contrast, increasing 𝐾 reduces

the number of patterns. As shown in Fig. 10b, as 𝐾 increases, the number of skipped rows and

columns decreases, which leads to more LLM calls. To guarantee accuracy, we conservatively set

𝐾 = 5 in our experiments, which achieves a good F1 score of 1.0 for column header identification

and 0.9938 for row header identification, while skipping 88.19% of rows and 35.21% of columns on

average on RealHiTBench.

Sensitivity Analysis w.r.t. Formatting Cues. 91.1% of tables in RealHiTBench contain format-

ting cues (defined in Def. 3.2, e.g., bold font, underline) that can help identify header regions. To

evaluate the robustness to the absence of formatting cues, we remove all formatting information

from the input tables. We find that NOAH’s F1-score remain unaffected, while the number of skipped

rows and columns slightly decreases to 87.29% and 33.75%, respectively. This suggests that our

pattern-based method is robust to scenarios where formatting cues may be missing.

6 Related Work
Our work is closely related to natural language-based tabular data analysis and tabular data

processing.

Natural Language Based Tabular Data Analysis. For relational tables, extensive research

has focused on NL2SQL methods [34, 37, 38, 52, 61] that translate natural language queries into
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executable SQL queries. However, non-relational table analysis is more challenging due to the

absence of explicit schemas, and has therefore received comparatively less attention. Recent work

leverages LLMs to generate and execute code to analyze tables. For example, Binder [12] uses LLMs

as callable APIs, ReAcTable [66] and Chain-of-Table [57] iteratively transform tables, and some

methods [11, 68, 69] generate Python code for table analysis.

Beyond table-specific systems, recent LLM-based data processing systems use LLMs as seman-

tic operators, query planners, or pipeline optimizers. For example, Palimpzest [29] provides a

declarative framework for optimizing AI-powered analytical queries; CAESURA [51] uses LLMs to

translate natural-language queries into executable query plans; Galois [40] explores how to execute

SQL queries over LLMs using database-style physical operators; Lotus [35] introduces semantic

operators for AI-powered data processing and DocETL [43] optimizes complex pipelines through

query rewriting and evaluation; These systems are broadly related to <SUB_TABLE_EXTRACTION>
in NOAH, as they also aim to select, transform, or extract query-relevant information. However, their

target inputs are typically unstructured or weakly structured documents, such as PDFs. In contrast,

<SUB_TABLE_EXTRACTION> is designed for non-relational tables, whose complex cell-header rela-

tionships require table-specific retrieval. Moreover, systems such as Lotus and DocETL provide

declarative interfaces for specifying processing pipelines, whereas NOAH allows users to directly ask

NL questions about tables. Unlike pipeline-level rewriting in DocETL, NOAH’s <QUERY_REWRITE>
operator incrementally generates subqueries based on current evidence.

More recently, TreeThinker [60] and ST-Raptor [50] construct tree-structured representations of

non-relational tables for LLM-based reasoning. However, they often rely on heuristic layout cues,

such as merged cells, which limits robustness and generalizability. In contrast, NOAH constructs HSI

to explicitly model table structure without task-specific training data, while avoiding scanning

full-table with LLMs at query time for better scalability and efficiency.

Tabular Data Processing. Tabular data processing focuses on transforming, manipulating, and

extracting information from tables to support downstream analysis tasks. Prior work has explored

a variety of techniques for understanding and processing tabular data. For example, Dong et al. [15]

propose using deep neural networks to infer the semantic types of table cells, which can aid table

understanding and normalization. Other approaches attempt to convert non-relational tables into

relational representations. Auto-Tables [24] trains specialized neural networks to convert non-

relational tables into relational formats, enabling the use of NL2SQL techniques [34, 37, 38, 52, 61]

for analysis. TUTA [56] trains a Transformer-based model to construct a bi-dimensional coordinate

tree to model hierarchical information in non-relational tables. However, they typically require

substantial labeled data for training, which limits their applicability to diverse table formats.

7 Conclusion and Future Work
In this paper, we present NOAH, a system for scalable natural language analysis of large non-

relational tables. To handle complex and implicit table schemas, NOAH constructs HSI offline to

make hierarchical semantics explicit. HSI enables query-relevant data retrieval, reducing the

amount of table content fed to LLMs while improving accuracy. Built on HSI, NOAH uses a dynamic,

context-aware workflow that iteratively rewrites queries, retrieves relevant data, and generates

answers. Experiments on real-world benchmarks show that NOAH improves accuracy by 31.2% over

state-of-the-art methods while reducing LLM token consumption by at least 3.3×.
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