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Abstract

Query-focused table summarization requires
complex reasoning, often approached through
step-by-step natural language (NL) plans. How-
ever, NL plans are inherently ambiguous and
lack structure, making their conversion into
executable programs like SQL brittle, espe-
cially for multi-table tasks. To address this,
we introduce TaSoF, a schema-constrained,
dependency-aware plan representation inspired
by formalisms used in traditional multi-agent
systems, and an agentic framework, SPaGe,
that organizes the reasoning process into three
phases: 1) Structured Planning to generate
TaSoF from a query, 2) Graph-based Execu-
tion to convert plan steps into SQL and model
dependencies via a directed acyclic graph for
parallel execution, and 3) Summary Genera-
tion to produce query-focused summaries. Our
method explicitly captures complex dependen-
cies and supports dependency-aware execution.
Experiments on two datasets show that SPaGe
consistently outperforms prior models in the
evaluated single- and multi-table settings and
achieves higher per-step execution success than
the evaluated NL plan formats.

1 Introduction

Query-focused table summarization aims to gener-
ate concise textual summaries from tabular data
conditioned on user queries and has recently
emerged as a core challenge in both natural lan-
guage generation and table understanding (Zhao
et al., 2023, 2024; Zhang et al., 2024a). A central
difficulty is accurately extracting and aggregating
query-relevant information from complex tables.
Early work primarily relies on end-to-end mod-
els that perform reasoning implicitly (Liu et al.,
2022b,a; Jiang et al., 2022), which require large-
scale training data and offer limited interpretabil-
ity (Nguyen et al., 2025). With the advent of
large language models (LLMs), recent approaches
have shifted toward explicit multi-step table reason-

Natural Language Plan
1. Look at the students and their 
information
2. Figure out which ones are related to pets
3. Keep only the relevant students
4. Output their names

Our Structured Plan

Table 1: Student Table 2: Has_Pet

AgeNameID
22Mary1
23Tom2

Has_PetID
Yes1
No2

What are the different names of 
students who have pets?

Input Query and Tables

ID: 3
OPERATION: “Join”
SOURCE: [“Step1”, “Step2”]
CONDITION: “Step1.ID = Step2.ID”
OUTPUT: [“Step2.ID”, “Step2.Name”]

Step3

ID: 1
OPERATION: “Scan”
SOURCE: [“Has_Pet”]
CONDITION: Has_Pet =
“Yes”
OUTPUT: [“ID”]

Step1

ID: 2
OPERATION: “Scan”
SOURCE: [“Student”]
CONDITION: null
OUTPUT: [“ID”, “Name”]

Step2

Figure 1: An illustrative comparison between a free-
form NL plan and our structured plan, TaSoF. The NL
plan contains vague, underspecified steps that omit key
execution details, whereas TaSoF makes the operations
explicit.

ing, leveraging query decomposition or predefined
workflows to generate and execute structured rea-
soning plans (Ye et al., 2023; Zhao et al., 2024;
Wang et al., 2024b; Zhang et al., 2024c; Li et al.,
2025).

Despite recent progress in plan-based reason-
ing for table understanding, most existing methods
still generate reasoning plans as free-form natural
language (NL). While intuitive, NL plans lack ex-
plicit structure and executable semantics (Cao et al.,
2025), making their conversion into executable ta-
ble operations (e.g., SQL) brittle and error-prone.
Underspecified or vague expressions can easily
lead to incorrect operator selection, faulty joins,
or execution failures (Zhao et al., 2024; Nguyen
et al., 2025). Figure 1 illustrates this issue. The NL
plan contains ambiguous phrases such as “figure
out which ones are related to pets,” which omit
essential execution details like filtering conditions,
join keys, and intermediate outputs. As a result,
execution modules must implicitly infer semantics,
leading to inconsistent or incorrect programs, par-
ticularly in multi-table settings.

To address these limitations, we move from am-
biguous NL plans to a schema-constrained rep-
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resentation (Cao et al., 2025). Inspired by prior
work on formal reasoning systems (d’Inverno et al.,
1997; Hilaire et al., 2000; Gruer et al., 2002), we
define the reasoning plan as a Table State and
operation Flow (TaSoF), which explicitly repre-
sents table operations and their dependencies. As
shown in Figure 1, TaSoF specifies operation types,
data sources, conditions, and intermediate outputs.
These explicit fields reduce the interpretation re-
quired during LLM-based step-to-SQL translation
and expose dependencies for graph-based schedul-
ing. In the example, this process yields the query-
relevant summary, “There is only one student who
has pets, and the name of this student is Mary.”

Building on this formulation, we introduce
SPaGe (Structured Planning and Graph-based
execution), an agentic framework that supports
both single- and multi-table summarization. The
framework consists of three stages: 1) Struc-
tured Planning: an LLM generates a multi-step
plan in the schema-constrained TaSoF format;
2) Graph-based Execution: each step is converted
into executable SQL and executed via an exter-
nal interpreter, with the overall plan modeled as
a Directed Acyclic Graph (DAG) to enable paral-
lel execution of independent steps; 3) Summary
Generation: the final summary is produced from
the execution results and conditioned on the user
query.

We evaluate SPaGe on two public query-
focused table summarization datasets, FeTaQA
and QFMTS. Across both datasets, it consistently
outperforms all compared baselines. In the plan-
format ablation, TaSoF also obtains higher sum-
mary scores and per-step execution success than
the evaluated NL formats.

To our knowledge, TaSoF is the first schema-
constrained plan representation evaluated for query-
focused table summarization, distinguishing it from
structured query planning in Text-to-SQL (Sec-
tion 6). Our framework builds on established com-
ponents, including LLM-based planning, SQL ex-
ecution, and DAG scheduling. Its contribution
lies in adapting and integrating them through a
dependency-aware intermediate representation for
this task. Unlike Text-to-SQL systems that pro-
duce a single query as the final answer, or NL-
plan agents whose free-form plans require implicit
interpretation, TaSoF provides executor-agnostic
steps with named fields and a fixed operation vo-
cabulary. The fields make step-to-SQL translation
more explicit, support dependency-based schedul-

ing, and enable field-level error diagnosis. In our
plan-format ablation, this design yields a per-step
execution success rate of 98.2% versus 94.4–95.1%
for the evaluated NL formats. Our key contribu-
tions are summarized as follows:
• We define TaSoF, a schema-constrained,

dependency-aware representation of table states
and operations for query-focused table summa-
rization.

• We propose SPaGe, a structure-aware agentic
framework that combines TaSoF with graph-
based execution and query-focused summary
generation.

• We evaluate the framework on two benchmarks
and analyze summary quality, per-step exe-
cutability, component contributions, and reduc-
tions in DAG execution depth.

2 Problem Formulation

The task of query-focused table summarization
aims to produce a concise, natural language sum-
mary s that directly addresses the information need
expressed in a user query q, given a collection of
relational tables T = {T1, T2, . . . , Tn}. Formally,
we define this process as a mapping:

f : (q, T ) ↦→ s,

where f is the summarization function, and s is
tailored to capture only the information relevant to
q. Each table Ti ∈ T consists of rows organized
according to a schema:

table name: name col: h1 | . . . | hn
row 1: c1,1 | . . . | c1,n . . . row m: cm,1 | . . . | cm,n.

Here, n is the number of columns and m is the num-
ber of rows in Ti. Unlike Text-to-SQL and short-
form table question answering, which typically re-
turn a single value or set of cells, query-focused
table summarization produces a multi-sentence out-
put s that aggregates and contextualizes multiple
query-relevant facts (e.g., reference summaries av-
erage 58.5 words on QFMTS; Table 1). The task
therefore demands both accurate table reasoning
and faithful text generation.

3 Methodology

3.1 Framework Overview
Our framework follows an agentic “plan-then-
execute” paradigm (Wang et al., 2023) comprising

829



Summary
Generator

TablesQuery

Summary

Executor

ExecutorPlanner

(1) Structured Planning (2) Graph-based Execution (3) Summary Generation

Executor
Plan

2

1
3

Query

Figure 2: Overview of our framework, SPaGe. First, the planner generates a structured plan. The executor then
constructs a directed acyclic graph from step dependencies and executes independent planning steps in parallel
according to the graph structure. Finally, the summary generator synthesizes the final execution output into an
informative summary tailored to the query.

ID: int
OPERATION: str
SOURCE: List[str]
CONDITION: str
OUTPUT: List[str]

Class Step

ID: 1
OPERATION: “Scan”
SOURCE: [“Has_Pet”]
CONDITION: Has_Pet = “Yes”
OUTPUT: [“ID”]

Step1

ID: 3
OPERATION: “Join”
SOURCE: [“Step1”, “Step2”]
CONDITION: “Step1.ID = Step2.ID”
OUTPUT: [“Step2.ID”, “Step2.Name”]

Step3

ID: 2
OPERATION: “Scan”
SOURCE: [“Student”]
CONDITION: null
OUTPUT: [“ID”, “Name”]

Step2

Figure 3: Class definition of our structured plan, TaSoF,
alongside an example plan instance.

three phases: Structured Planning, Graph-based
Execution, and Summary Generation. Each phase
is handled by a dedicated component (Figure 2).
The planner generates multiple atomic, structured
steps from the given query q and tables T . The ex-
ecutor identifies dependencies among these steps,
constructs a Directed Acyclic Graph (DAG) to de-
termine the execution order, and executes a corre-
sponding SQL query for each step, using the results
of previous steps to produce intermediate execution
tables. Finally, the summary generator synthesizes
these execution tables into a coherent and concise
textual summary.

3.2 Structured Planning

We first describe TaSoF, a structured planning
strategy that represents a plan P as a sequence
of schema-constrained, machine-readable steps
P = {s1, s2, . . . , sn}. This structure makes the
information passed from planning to execution ex-
plicit.

Plan Definition. Each step within the plan de-
fines a table operation that transforms one or more
source tables into a result table. The class defi-
nition for the step is shown in Figure 3. Specif-
ically, we formulate a step as a conventional
software-engineering class with five attributes:
Si = {ID,OPERATION,SOURCE,CONDITION,
OUTPUT}. Here, ID denotes the step identifier,
and OPERATION specifies the table operation to
be performed. Inspired by the query plan language
(QPL) (Eyal et al., 2023), we consider nine table
operations that cover the most common scenarios.
Definitions of these operations are provided in Ap-
pendix A.1. The SOURCE field specifies the source
tables involved in the operation. These may in-
clude the original input tables or the intermedi-
ate result tables returned by previous steps. The
CONDITION field defines any constraints or fil-
ters applied during the operation, such as row or
column selections and keys used for table joins. Fi-
nally, OUTPUT denotes the output columns of the
resulting table. For example, in the three-step plan
shown in Figure 3, the step whose ID is 1 extracts
the ID column from the Has_Pet table under the
condition Has_Pet = “Yes”.

Plan Generation. To generate structured plans,
we leverage the structured-output capabilities of
modern LLMs. Given a user query q and a set of
input tables T , we prompt the LLM to produce a se-
quence of structured planning steps that conform to
a predefined schema. Since LLMs operate on tex-
tual inputs, we follow prior work (Liu et al., 2022b;
Pal et al., 2023) and linearize each table into a text
representation. Specifically, a table with n columns
and m rows is converted using the format described
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in Section 2. Unlike previous methods (Wang et al.,
2024b; Zhao et al., 2024) that linearize entire ta-
bles and incur substantial token overhead for large
tables, our planner operates on only the top k rows,
where k ≪ m. This design preserves planning
quality while significantly reducing input length.
We provide a detailed analysis of the impact of k
in Section 5.2.

3.3 Graph-based Execution

The execution phase aims to obtain an intermedi-
ate execution table for each planning step si. We
observe that some steps can be scheduled concur-
rently because they depend on distinct input tables
or separate preceding steps (as shown by the exam-
ple plan in Figure 3). The first and second steps
operate on different source tables and are there-
fore independent. Thus, they can occupy the same
execution cycle, reducing the dependency depth
relative to sequential execution.

Graph Construction. In general, each plan can
be formulated as a DAG, denoted by G = (V,E),
where V = {s1, . . . , sn} denotes the set of plan-
ning steps, and E = {eij} represents the set of step
dependencies. Specifically, an edge eij exists if the
output table from step si is used as input to step sj .
This graph-based formulation explicitly captures
inter-step dependencies and exposes independent
steps that can be scheduled in the same execution
cycle.

Program-Augmented Execution. Given a plan-
ning step, LLMs may struggle to generate well-
formatted intermediate tables directly. To address
this limitation, we enhance the LLM-based execu-
tor by incorporating an external code interpreter.
Specifically, the executor leverages the code gener-
ation capabilities of the LLM to produce executable
code. Following prior work (Cheng et al., 2023;
Nguyen et al., 2025), we prompt the LLM to gener-
ate a SQL query qsqli for each step si. We include
several demonstrations in the prompt to support
in-context learning for SQL generation (Brown
et al., 2020). Specifically, we adapt the demonstra-
tions from Eyal et al. (2023) to suit our task setting.
The code interpreter executes the generated SQL
query qsqli to produce the corresponding execution
table. Per-step execution success is analyzed in
Section 5.2.

Property FeTaQA QFMTS

Table Source Wiki Database
Avg. # Tables 1.0 1.8
Avg. # Rows 15.2 3118.0
Avg. # Words in Summary 23.3 58.5
Test Size 2,003 608

Table 1: Data statistics for the two benchmarks. Fe-
TaQA is a single-table dataset, while QFMTS is a multi-
table dataset.

3.4 Summary Generation

Once the execution process is complete, we use
an LLM-based summary generator to produce a
comprehensive summary from the original query
q and the final table produced by the last step sn.
This summary is expected to integrate all query-
relevant information derived from the input tables.

4 Experimental Setup

4.1 Datasets

We use two popular query-focused table summa-
rization datasets, FeTaQA (Nan et al., 2022) and
QFMTS (Zhang et al., 2024a). FeTaQA is de-
signed for single-table scenarios and comprises
tables from Wikipedia. It provides manually anno-
tated query-summary pairs aligned with the corre-
sponding tables. In contrast, QFMTS is designed
for multi-table scenarios. It contains queries and
relational tables from databases, along with anno-
tated summaries tailored to the associated queries.
Key dataset statistics are presented in Table 1.

4.2 Baselines

We evaluate our framework against two cate-
gories of baselines: prompting-based methods
and program-augmented models. For prompting-
based baselines, we include Chain-of-Thoughts
(CoT) (Wei et al., 2022), ReFactor (Zhao
et al., 2023), DirectSumm (Zhang et al., 2024a),
and Reason-then-Summ (Zhang et al., 2024a).
For program-augmented baselines, we consider
Binder (Cheng et al., 2023), Dater (Ye et al., 2023),
and TaPERA (Zhao et al., 2024). Additional de-
tails on all baseline models are provided in Ap-
pendix B.1.

4.3 Evaluation Protocols

Following Zhao et al. (2024), we evaluate the qual-
ity of generated summaries using both automatic
metrics and human judgments. For automatic evalu-
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Method FeTaQA QFMTS

BLEU ROUGE-L METEOR BLEU ROUGE-L METEOR

Prompt-based
CoT 28.2 51.0 56.9 31.5 54.3 58.1
ReFactor 26.2 53.6 57.2 N/A N/A N/A
DirectSumm 29.8 51.7 58.2 33.6 57.0 62.8
Reason-then-Summ 31.7 52.6 60.7 40.8 62.7 66.2

Program-Augmented
Binder 25.5 47.9 51.1 42.5 65.3 70.7
Dater 29.8 54.0 59.4 N/A N/A N/A
TaPERA 29.5 53.4 58.2 N/A N/A N/A

Our Structured-Aware
SPaGe 33.8 55.7 62.3 45.7 68.3 73.4
- w/o Planner 29.2↓ 4.6 51.4↓ 4.3 59.3↓ 3.0 40.6↓ 5.1 63.2↓ 5.1 67.7↓ 5.7

- w/o Executor 32.2↓ 1.6 53.6↓ 2.1 60.9↓ 1.4 42.3↓ 3.4 65.8↓ 2.5 70.8↓ 2.6

- w/o Planner and Executor 28.6↓ 5.2 50.3↓ 5.4 57.8↓ 4.5 36.3↓ 9.4 59.3↓ 9.0 65.2↓ 8.2

Table 2: Automated evaluation results on the benchmarks. The best and second-best scores are highlighted in bold
and underlined, respectively. ReFactor, Dater, and TaPERA are designed for single-table inputs and are therefore
not applicable to QFMTS, a multi-table benchmark.

Plan Format BL R-L ME ESR

QDMR 42.3 65.1 69.4 94.4
QPL 43.4 66.2 71.5 95.1
TaSoF (Ours) 45.7 68.3 73.4 98.2

Table 3: Comparison of TaSoF with NL plan formats
on QFMTS. BL, R-L, ME, and ESR denote BLEU,
ROUGE-L, METEOR, and execution success rate, re-
spectively. ESR refers to the proportion of plan steps
that can be successfully executed. The best results are
highlighted in bold.

ation, we report three standard metrics: BLEU (Pa-
pineni et al., 2002), ROUGE (Lin and Hovy, 2003),
and METEOR (Banerjee and Lavie, 2005). Since
such n-gram metrics capture surface-level similar-
ity but correlate poorly with factual and reasoning
quality in table-grounded generation (Liu et al.,
2023; Song et al., 2024; Wang et al., 2024a), we
complement them at two levels. At the execu-
tion level, we report the per-step execution suc-
cess rate (ESR), defined as the proportion of plan
steps whose generated SQL can be executed (Sec-
tion 5.2); ESR measures syntactic executability
rather than semantic plan correctness. At the fact
level, we conduct a human evaluation along three
dimensions: 1) Correctness: consistency with the
final execution table; 2) Faithfulness: factual sup-
port from the original input tables; and 3) Cover-
age: completeness with respect to the user query
and execution results. The human evaluation is

conducted by three of the authors, who indepen-
dently rate 100 sampled outputs per system (details
in Appendix B.3).

4.4 Implementation Details

We adopt gpt-4o-mini as the backbone LLM
for the planner, executor, and summary generator,
motivated by its strong performance on table un-
derstanding tasks (Nguyen et al., 2025). To reduce
backbone-related confounding, we rerun all base-
line models with the same gpt-4o-mini back-
bone, following their original papers only to con-
figure their prompts and hyperparameters. All auto-
mated results are averaged over three independent
runs. Further implementation details are provided
in Appendix B.2.

5 Results and Analyses

5.1 Main Results

As shown in Table 2, SPaGe outperforms all base-
line models on both the FeTaQA and QFMTS
datasets. The improvement is especially pro-
nounced on QFMTS, where its ROUGE-L score
is 68.3, compared with 65.3 for the second-best
model. We find that program-augmented models
such as Binder outperform the strongest prompt-
based baseline, Reason-then-Summ, on QFMTS
but underperform on FeTaQA. This discrepancy
likely stems from dataset differences: QFMTS pri-
marily contains standard relational tables, whereas
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FeTaQA includes many free-form tables collected
from Wikipedia. Binder relies on NL plans, which
can lead to incorrect SQL generation on such ta-
bles and consequently degraded performance. In
contrast, SPaGe achieves consistently strong re-
sults across the two evaluated datasets. These re-
sults show that the framework can handle both
the relational tables in QFMTS and the free-form
Wikipedia tables in FeTaQA, although broader gen-
eralization remains untested.

5.2 Ablation Study

Framework Ablations. Table 2 presents an abla-
tion study of three SPaGe variants. In w/o Planner,
the executor generates SQL directly from the user
query; w/o Executor relies solely on the LLM to
produce intermediate tables; and w/o Planner and
Executor generates the summary directly from the
query. The results show that the structured planner
is a critical component of the framework, as its
removal leads to the largest performance degrada-
tion across both datasets. In addition, the executor
contributes more substantially on QFMTS than on
FeTaQA, as evidenced by the larger performance
drop. A plausible explanation is that FeTaQA pri-
marily consists of Wikipedia-based tables, which
are less amenable to SQL-style execution, thereby
reducing the executor’s relative impact.

Ablation on Plan Formats. To evaluate the effec-
tiveness of our structured plan TaSoF, we compare
it with NL plan formats, including QPL (Eyal et al.,
2023) and QDMR (Wolfson et al., 2022), adapting
our planner to generate each format while keeping
the backbone and downstream execution and gen-
eration components unchanged. This comparison
provides our closest controlled evidence for the
plan representation, although the planner prompts
necessarily differ to elicit each format and therefore
remain a possible confound. As shown in Table 3,
TaSoF consistently outperforms the NL plan for-
mats across all text-overlap metrics and achieves a
higher per-step ESR of 98.2% (vs. 95.1% for QPL).

ESR measures syntactic executability, defined
as the proportion of plan steps whose generated
SQL can be executed. It does not measure seman-
tic plan correctness or whole-plan success. Higher
ESR co-occurs with higher summary scores across
the three formats, and the human evaluation re-
ports a correctness score of 4.08/5 and faithfulness
of 3.65/5 for SPaGe (Table 6); these are indirect,
output-level signals rather than direct validation

# Top-k Rows Avg. # Tokens BL R-L ME ESR

5 217.9 45.7 68.3 73.4 98.2
10 381.6 44.9 67.8 72.7 97.5
20 591.0 44.3 67.2 72.5 96.7
50 933.4 43.2 66.5 71.3 92.6

Table 4: The effect of varying the number of top-k rows
used for plan generation on QFMTS. Avg. # Tokens
denotes the average number of tokens from the input ta-
bles provided to the planner. BL, R-L, ME, and ESR are
the same as in Table 3. The best results are highlighted
in bold.
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Figure 4: Comparison of the average number of execu-
tion cycles under sequential execution (SEQ) and our
graph-based execution (Ours).

of intermediate plans. We do not evaluate plans
against gold reasoning traces, label semantic plan-
ning errors, or measure how incorrect intermediate
steps propagate to summaries. These analyses re-
main important future work.

Ablation on Top-k Rows. To study the effect of
row truncation on plan generation, we ablate the
number of retained top-k rows (Table 4). Retaining
the top five rows achieves the best performance
across all metrics on both benchmarks, suggesting
that column headers and schema information carry
much of the signal needed for plan generation. Re-
taining only the top-k rows (k ≪ m) preserves per-
formance and execution success while significantly
reducing token usage. In contrast, prior methods
such as DirectSumm and TaPERA linearize entire
tables, incurring substantial token overhead, espe-
cially on multi-table datasets like QFMTS, which
contain more than 3,000 rows per table on average.

5.3 Parallelism of Graph-based Execution
We quantify the dependency depth of graph-based
execution using execution cycles; this is a structural
measure, not observed latency. Under sequential
execution, the number of cycles equals the num-
ber of plan steps. Graph-based execution instead
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Error Mode Representative Example

Semantic Mismatch
between Query and
Table Schema

Query: What is the average duration of projects?
Tables:

Table 1: Projects
Table Schema: [ProjectID, ProjectName, StartDate, EndDate, Cost]

Natural Language Plan:
1. Find duration of each project.
2. Calculate the average of these durations.
3. Return the average duration for all projects.

Our TaSoF {ID; OPERATION; SOURCE; CONDITION; OUTPUT}:
Step1 = {1;Scan;[Projects];null;[StartDate, EndDate]}
Step2 = {2;Aggregate;[Step1];null;

[ AVG(EndDate - StartDate) AS AvgDuration ]}

Complex Step
Dependencies in
Multi-Table
Scenarios

Query: List the names and department locations of employees who are over 40 and work in departments
located in “London”.
Tables:

Table 1: Employees
Table Schema: [EmpID, EmpName, Age, DeptID]

Table 2: Departments
Table Schema: [DeptCode, DeptName, Location]

Natural Language Plan:
1. Get employees over 40 from the employees table.
2. Find department locations in “London” from the departments table.
3. Combine employee names and department locations.

Our TaSoF {ID; OPERATION; SOURCE; CONDITION; OUTPUT}:
Step1 = {1;Scan;[Employees];Age > 40;[EmpID, EmpName, DeptID]}
Step2 = {2;Scan;[Departments];Location = “London”;[DeptCode, Location]}
Step3 = {3; Join; [Step1, Step2]; Step1.DeptID = Step2.DeptCode;

[Step1.EmpName, Step2.Location]}
Table 5: Representative examples of two illustrative NL-plan failure modes discussed in our qualitative analysis
(Section 5.5). We do not estimate the frequency of these modes. For readability, we flatten our class-based
structured plan. Red phrases highlight underspecified NL steps, while green phrases show how our plan makes
the corresponding operations explicit.

Method Correctness Faithfulness Coverage

Reason-then-Summ 3.62 3.08 3.35
Binder 3.74 3.22 3.55
SPaGe 4.08 3.65 3.90

Table 6: Human evaluation results on QFMTS. The best
results are highlighted in bold. Scores are based on a
5-point Likert scale (1–5) and averaged over three an-
notators on 100 randomly sampled examples per model.
Evaluation details are provided in Appendix B.3.

places independent steps in the same cycle, so the
number of cycles equals the length of the longest
path in the DAG. For example, although the plan
in Figure 3 contains three steps, Steps 1 and 2 can
occupy one cycle, followed by Step 3, resulting in
two cycles. This measure does not capture wall-
clock latency, total LLM calls, API rate limits, or
database overheads (see Limitations).

Figure 4 compares the average execution cycles
of sequential and graph-based execution. Graph-
based execution reduces the number of cycles by
approximately 28% on QFMTS. The multi-table
structure of QFMTS creates more independent
branches than FeTaQA, making the difference in

dependency depth more pronounced; the figure
does not establish a corresponding wall-clock re-
duction.

5.4 Human Evaluation

Table 6 reports the human evaluation results for
three representative methods: the prompt-based
Reason-then-Summ, the program-based Binder,
and our approach, SPaGe. Our method achieves
the highest score across all three dimensions (cor-
rectness, faithfulness, and coverage). Fleiss’ kappa
indicates substantial consistency among the three
author annotators on all dimensions, but it does
not establish annotator independence or eliminate
potential author bias (see Appendix B.3). In par-
ticular, SPaGe outperforms Reason-then-Summ on
faithfulness (3.65 vs. 3.08). One plausible explana-
tion is that SQL execution extracts query-relevant
information before summary generation, whereas
Reason-then-Summ relies solely on LLM genera-
tion over the table context. SPaGe also outperforms
Binder under the same evaluation protocol, show-
ing that the complete structured-planning pipeline
is associated with higher summary scores; the hu-
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man evaluation does not directly establish the se-
mantic correctness of its generated SQL.

5.5 Qualitative Error Analysis

To illustrate how NL plans can fail where TaSoF
succeeds, we qualitatively examine failed NL-plan
executions and present two illustrative error modes
in Table 5. We do not quantify the frequency of
these modes or claim that they exhaust the sources
of failure. The per-step execution success rates
in Table 3 (98.2% for TaSoF vs. 94.4–95.1% for
NL formats) provide only an aggregate measure of
syntactic executability.

The first error mode is a semantic mismatch
between the query and the table schema. In
the corresponding example, the query uses the
term duration even though it is not present in
the table schema. The NL plan also includes
the underspecified step “Find duration of each
project,” which leads to execution failure. In con-
trast, TaSoF grounds the calculation in the exist-
ing StartDate and EndDate source columns and
expresses the requested average as an explicit ag-
gregate expression.

The second error mode involves complex step
dependencies, which are especially problematic
when multiple input tables are involved. In the cor-
responding example, the NL plan fails to connect
the first two steps properly. As a result, the final
step wrongly performs a union of their outputs,
even though the query requires their intersection.
TaSoF addresses this by using the SOURCE field
to explicitly link steps. For instance, Step 3 cites
Steps 1 and 2 as its sources, ensuring the correct
interpretation of the query.

6 Related Work

Program-Augmented Table Reasoning. Table
reasoning requires operations such as arithmetic
calculations and the filtering of irrelevant rows or
columns. Early methods fine-tune end-to-end mod-
els that reason implicitly (Liu et al., 2022b; Jiang
et al., 2022), offering limited interpretability. Re-
cent program-augmented methods (Cheng et al.,
2023; Ye et al., 2023; Zhang et al., 2024b) instead
generate executable code (e.g., SQL or Python) to
derive intermediate results, making reasoning trace-
able and verifiable, but they primarily target single-
table scenarios (Chen et al., 2025). Our use of
SQL execution also relates to LLM-based Text-to-
SQL, where structured intermediate representations

and agentic decomposition have been explored, in-
cluding prompt organization in DAIL-SQL (Gao
et al., 2024), multi-agent collaboration in MAC-
SQL (Wang et al., 2025a), retrieval-augmented syn-
thesis in CHESS (Talaei et al., 2024), schema rout-
ing in DBCopilot (Wang et al., 2025b), and logical
operator plans in AgenticData (Sun et al., 2025).
However, Text-to-SQL synthesizes a single query
whose execution result is the final answer, whereas
we generate a faithful, discourse-level summary
for which SQL execution serves only as interme-
diate grounding. Moreover, TaSoF is an executor-
agnostic representation of table states and operation
flow rather than a SQL dialect, coordinating multi-
step, multi-table reasoning via a dependency DAG
that conditions summary generation. Advances
in Text-to-SQL are therefore complementary, as
stronger step-to-SQL translation can be directly
plugged into our executor.

Planning for Table Understanding. LLM-based
planning has been widely explored for table un-
derstanding tasks, including table summariza-
tion (Zhao et al., 2023; Sui et al., 2024; Zhang
et al., 2024a), question answering (Pasupat and
Liang, 2015; Nan et al., 2022), and fact verifica-
tion (Chen et al., 2020). Existing approaches either
decompose a complex query into subqueries that
are addressed sequentially (Ye et al., 2023; Zhao
et al., 2024) or follow predefined workflows that
iteratively select and execute operations until a stop
condition is met (Wang et al., 2024b; Zhang et al.,
2024c; Li et al., 2025; Mao et al., 2024). These
methods predominantly rely on natural language
(NL) plans, whose linguistic ambiguity can hinder
consistent execution. Beyond the table domain,
PGPO (Cao et al., 2025) shows that pseudocode-
style plans benefit LLM agents, yet its plans remain
semi-structured text improved via preference opti-
mization rather than a schema-constrained repre-
sentation with explicit dependencies. To our knowl-
edge, TaSoF is the first such plan representation
evaluated specifically for query-focused table sum-
marization in both single- and multi-table settings.

7 Conclusion

Query-focused table summarization aims to cre-
ate concise, query-specific summaries from tabu-
lar data. While recent advancements use LLMs
for multi-step reasoning, NL reasoning plans can
leave operations and dependencies underspecified,
complicating their translation into executable pro-
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grams. To address this, we propose TaSoF, a
schema-constrained, dependency-aware plan rep-
resentation, and SPaGe, an agentic framework that
integrates it with graph-based execution and sum-
mary generation. Across the two evaluated bench-
marks, SPaGe outperforms the compared baselines,
and its plans achieve higher per-step execution suc-
cess than the evaluated NL formats. Broader claims
about model robustness, semantic plan correctness,
and real-world latency require further evaluation.

Limitations

We address ambiguity in natural-language plan-
ning through a schema-constrained representation,
but the present evaluation has several limitations:
1) All systems use one closed-source backbone
(gpt-4o-mini). The planner, executor, and sum-
mary generator are architecturally model-agnos-
tic, but this design property is not evidence of
robustness across backbones. Sensitivity to alter-
native and open-weight models remains untested.
2) We evaluate two benchmarks rather than larger
databases or noisy real-world settings. Robust-
ness to noisy schemas, missing values, ambiguous
queries, schema perturbations, and multi-level or
nested headers is unknown. Future work could
also combine Python- and SQL-based execution
for table structures that are poorly matched to SQL.
3) Execution cycles measure DAG dependency
depth, not end-to-end efficiency. We do not mea-
sure wall-clock latency, total LLM calls, retry over-
head, end-to-end token use, monetary cost, API
rate limits, or database overheads. 4) Automatic
metrics primarily capture surface-level similarity.
Our human evaluation assesses output correctness
and faithfulness, but it was conducted by three au-
thors rather than independent annotators. We also
lack gold reasoning traces, semantic plan error la-
bels, and an analysis of how incorrect intermedi-
ate steps affect summaries. 5) The top-k analysis
varies only k on the studied benchmarks. General-
ization across query types and schema complexity,
including cases where key evidence lies outside the
retained top rows, remains unexplored.

Ethical Considerations

The initial draft was written by the authors, and AI
tools were used primarily to correct grammatical
errors. We have designed this work to minimize
ethical risks while considering potential societal
impacts. All datasets are publicly available, and

the tabular inputs come from open databases and
Wikipedia. To the best of our knowledge, they con-
tain no personally identifiable information. We pri-
marily use closed-source LLMs from the GPT fam-
ily. Generated summaries are manually checked
for factual accuracy and for biased, discriminatory,
or harmful content. A possible risk is the genera-
tion and execution of SQL queries as intermediate
steps, which could lead to incorrect outputs or in-
efficiencies. Although significant negative impacts
are unlikely, we remain aware of possible misuse
and advocate for transparency, reproducibility, and
human oversight in high-stakes applications.
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A Details on Methodology

A.1 Definitions of Table Operations
Definitions of the nine operations used in TaSoF
are provided in Table 7.

Operation Functionality

Scan Read a base table with optional
predicate and projection.

Aggregate Compute grouped or global aggre-
gate expressions.

Filter Remove non-matching tuples from
an intermediate stream.

Sort Sort a stream by an expression.
TopSort Select the top-k tuples.
Join Perform a logical join between two

streams.
Except Compute set difference.
Intersect Compute set intersection.
Union Compute set union.

Table 7: Definitions of the nine operations used in the
structured planning steps.

B Details on Experimental Setup

B.1 Details on Baselines
We compare our approach against two cate-
gories of baselines: prompting-based and program-
augmented models.

Prompt-based Models. These models perform
table reasoning by relying only on the internal rea-
soning capabilities of LLMs.

• CoT (Wei et al., 2022) uses chain-of-thought
(CoT) prompting to guide LLMs in generat-
ing a summary from the query and relational
tables.

• ReFactor (Zhao et al., 2023) adapts heuristic
methods to extract query-relevant facts from
the given tables. It then concatenates these
facts with the query as context for summary
generation by an LLM.

• DirectSumm (Zhang et al., 2024a) addresses
the task in a single phase by jointly extracting
query-relevant facts from tables and synthesiz-
ing a comprehensive query-focused summary
from those facts.

• Reason-then-Summ (Zhang et al., 2024a) ad-
dresses the task in two sequential phases: ex-
tracting query-relevant facts from tables and

synthesizing a comprehensive query-focused
summary based on the retrieved facts.

Program-Augmented Models. Unlike prompt-
based models, program-augmented models use
the code-generation capabilities of LLMs to pro-
duce SQL queries, execute them with an external
database engine, and use the results to support rea-
soning.

• Binder (Cheng et al., 2023) converts the given
NL query into either a Python program or
a SQL query and executes it to obtain the
final answer. In our experiments, we use the
version of Binder that generates SQL queries
for a fair comparison.

• Dater (Ye et al., 2023) decomposes a given
query into subqueries, converts each subquery
into a SQL query, and aggregates the execu-
tion results into a final summary.

• TaPERA (Zhao et al., 2024) generates natural
language plans through query decomposition
and uses an executable Python program to ob-
tain the intermediate answer for each planning
subquery. It then aggregates all intermediate
query-answer pairs into a final summary.

B.2 Further Implementation Details
For the planner, executor, and summary generator
in our framework, we set the temperature, top-p,
and maximum output tokens to 0.1, 0.95, and 400,
respectively. We prepend the input prompt with
three manually selected in-context demonstrations
to enable effective in-context learning (Brown et al.,
2020). For all baseline models, we use the same
gpt-4o-mini backbone as our framework and
follow their original papers to configure the remain-
ing settings, such as prompts and hyperparameters.

B.3 Details on Evaluation Protocols
Automated Evaluation. Following Zhao et al.
(2024), we evaluate the quality of the generated
summaries against reference summaries. We con-
sider the following metrics:

• BLEU (Papineni et al., 2002) is a precision-
oriented metric that evaluates n-gram overlap
between generated and reference summaries.
We use SacreBLEU to compute BLEU scores;

• ROUGE (Lin and Hovy, 2003) measures
recall-oriented word overlap between gener-
ated and reference summaries. We report the
F1 variant of ROUGE-L;
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• METEOR (Banerjee and Lavie, 2005) mea-
sures unigram matches between generated and
reference summaries.

We report the mean performance over three inde-
pendent runs for all automated evaluation metrics.

Human Evaluation. We conduct human evalua-
tion to assess the quality of generated summaries.
Following prior work, we evaluate each summary
along three dimensions:

• Correctness: The summary is consistent with
the facts in the final execution table.

• Faithfulness: All statements in the summary
are factually supported by the original input
tables.

• Coverage: The summary addresses all infor-
mation needs expressed in the user query and
reflects all relevant facts from the execution
table.

Following Zhao et al. (2023), each dimension
is rated on a 5-point Likert scale ranging from
1 (worst) to 5 (best). For each model, we ran-
domly sample 100 test examples from the evaluated
dataset. Three annotators, all of whom are authors
of the paper and proficient in SQL and English,
carry out the annotations. They independently as-
sess each summary with access to the correspond-
ing SQL query, input tables, and execution tables.
Each summary receives three annotations per di-
mension, and we report the average score across
annotators.
To assess the consistency of the annotations, we
measure inter-annotator agreement using Fleiss’
kappa (Fleiss, 1971) across the three annotators
for each dimension, obtaining κ = 0.78 for cor-
rectness, κ = 0.63 for faithfulness, and κ = 0.71
for coverage. All three values fall within the 0.61–
0.80 range, indicating substantial agreement ac-
cording to the interpretation of Landis and Koch
(1977). This agreement reflects consistency among
the author annotators; it does not establish anno-
tator independence or eliminate potential author
bias.

C Detailed Prompts

To facilitate reproducibility, we provide detailed
prompts for our proposed framework. The planner
prompt is shown in Figure C.1, and the executor
prompt used for step-to-SQL generation is shown
in Figure C.2.
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Figure C.1: Planner Prompt for Structured Planning

Goal

Produce a structured plan expressed as a JSON document that conforms to the following Pydantic models:

class Step(BaseModel):
id: int # 1, 2, 3, ...
op: str # "Scan", "Join", "Aggregate", ...
src: List[str] # table names or step IDs (prefix step IDs with "step")
pred: Optional[str] = None # WHERE / ON clause
out: List[str] # projection list

class Plan(BaseModel):
steps: List[Step] # ordered list; execution order = list order

Instruction

Given
1) a natural-language question, and
2) a schema specified as a list of <table> specifications in the following format:

<table>: <comma-separated list of columns>
col: <column header 1> | <column header 2> | ...| <column header n>
row 1: <value 1,1> | <value 1,2> | ...| <value 1,n>
row 2: <value 2,1> | <value 2,2> | ...| <value 2,n>
...
row m: <value m,1> | <value m,2> | ...| <value m,n>

Input

Demonstrations: ⟨few-shot demonstrations here⟩
Query: ⟨input query here⟩
Tables: ⟨input tables here⟩

Figure C.2: Executor Prompt for Step-to-SQL Generation

Goal

Produce a SQL query based on the given structured step. A plan contains a sequence of steps, and each step specifies one
operation. All operations take either tables or previous results as input. The structure of a step is as follows:

class Step(BaseModel):
id: int # 1, 2, 3, ...
op: str # "Scan", "Join", "Aggregate", ...
src: List[str] # table names or step IDs (prefix step IDs with "step")
pred: Optional[str] = None # WHERE / ON clause
out: List[str] # projection list

Instruction

Let’s think step by step to convert a structured step to a SQL query. Constraints for the SQL query:
(1) The SQL query MUST be compatible and executable by pandasql.
(2) Always perform case-insensitive string comparisons using the LOWER() function.

Input

Demonstrations: ⟨few-shot demonstrations here⟩
Step: ⟨input structured step here⟩
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