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ABSTRACT

The explosion of unstructured data has immense analytical value.

By leveraging large language models (LLMs) to extract table-like

attributes from unstructured data, researchers are building LLM-

powered systems that analyze documents as if querying a database.

These unstructured data analysis (UDA) systems di�er widely in

query interfaces, optimization, and operators, making it unclear

which works best in which scenario. However, no benchmark cur-

rently o�ers high-quality, large-scale, diverse datasets and rich

query workloads to rigorously evaluate them. We present Bench-U,

a comprehensive UDA benchmark that addresses this need. We

curate 6 datasets from di�erent domains and manually construct a

relational database view for each using 30 graduate students. These

relational databases serve as ground truth to evaluate any UDA

system, regardless of its interface. We further design diverse queries

over the database schema that evaluate various analytical operators

with di�erent selectivities and complexities. Using this benchmark,

we conduct an in-depth analysis of key UDA components—query

interface, optimization, operator design, and data processing—and

run exhaustive experiments to evaluate systems and techniques

along these dimensions. Our main contributions are: (1) a compre-

hensive benchmark for rigorous UDA evaluation, and (2) a deeper
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understanding of the strengths and limitations of current systems,

paving the way for future work in UDA.
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1 INTRODUCTION

Modern organizations store a large quantity of unstructured data

such as clinical notes, legal contracts, �nancial reports, etc., which

account for 80%-90% of global data based on IDC research [13].

These vast repositories of unstructured data, if analyzed appropri-

ately, have immense value in various domains.
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As an example, healthcare providers often manage a corpus

of hundreds of thousands of heterogeneous medical documents,

including disease documents (detailing etiology, symptomatology,

and progression patterns), drug documents (detailing indications,

mechanisms of action, and contraindications) and documents of

medical institutions. If there were a powerful unstructured data

analysis (UDA) system, it could enable a provider to easily assist

a patient who, for example, has symptoms of frothy urine and

dull �ank pain, by running queries to identify possible diseases

and recommend public hospitals within certain distances of the

patient’s home that specialize in these diseases.

LLM-powered Unstructured Data Analysis. To support such

needs, the database community is actively developing LLM-based

systems for UDA [10, 17, 18, 21, 26]. These systems harness LLMs to

generate information from multi-modal data lakes (encompassing

text, images, etc.) and perform analytical operations such as �lter-

ing, aggregation, and join, thanks to the ever growing semantic

comprehension and reasoning capabilities of LLMs.

Although these systems use di�erent query interfaces, e.g.,

Python or SQL queries, they are all declarative systems, which,

similar to relational databases, o�er a set of logical operators for

users to write a simple program to analyze data. These systems

provide optimized implementation of these operators to ensure

accuracy and reduce LLM cost. Typically, these systems feature

a query optimizer that automatically transforms a user program

to an optimized query execution plan, with optimizations such as

ordering the �lters, converting joins to �lters, selecting an appropri-

ate LLM for the task, etc. In this way, these systems abstract away

time-consuming engineering details in UDA, while transparently

optimizing accuracy and addressing the performance and scaling

bottleneck of LLMs.

The Need For a Comprehensive Benchmark. Di�erent systems

have distinct implementations of operators and query optimization

strategies. Furthermore, evaluations of these systems are small and

do not cover diverse scenarios. As a result, it remains unclear which

system works best in which scenario. For example, Palimpzest [18]

demonstrates its cost optimization capabilities over a dataset of

1000 short emails. However, the short emails can not expose the

system challenges regarding text chunking. DocETL [26] evaluates

its multi-agent architecture using a single query over the CUAD

dataset, which contains 510 lengthy legal contracts. However, the

evaluation for DocETL completely ignores the necessity of token

cost optimization. SemBench has a distinct and valuable goal: bench-

marking semantic query processing over a mix of structured and

unstructured data. However, SemBench does not target thoroughly

evaluating the capability of the LLM-powered data systems in pro-

cessing long, complex unstructured documents that raise signi�cant

challenges in cost and accuracy. Therefore, a comprehensive bench-

mark is still in desperate need to standardize the evaluation of

LLM-powered UDA systems and guide future research in this �eld.

Design Goals. To �ll this gap, in this work we propose to construct

a benchmark guided by the following design goals:

(1) Realistic Large-scale Unstructured Data. To re�ect real-world

scenarios and evaluate system scalability and cost e�ciency, the

benchmark should include large-scale collections of unstructured

documents. These documents should be not only numerous but also

long-form (e.g., 10K+ tokens), and may contain substantial noise

and irrelevant information.

(2) Dataset & Query Workload Diversity for Optimization. A bench-

mark that enables comprehensive evaluation of UDA systems must

o�ers datasets and query workloads with diverse properties. Impor-

tant dataset properties include domain diversity, data modality (e.g.,

text, images, tables), and document structure. Meanwhile, query

workloads should cover diverse analytical operators (e.g., �lter, join,

aggregation), varied operator compositions and selectivities, and

attribute combinations across modalities.

(3) High-quality Ground Truth for Fair Evaluation. To enable fair

comparison across heterogeneous systems, a benchmark for un-

structured data analysis should provide precise and high-quality

labels as ground truth. Such ground truth enables consistent and

reliable evaluation across systems with di�erent interfaces and

execution strategies.

(4) Easy to Evaluate Existing Systems. To comprehend the advan-

tages/disadvantages of existing UDA systems and expose research

opportunities, we have to implement them reliably, perform a thor-

ough evaluation, and conduct a detailed analysis of the results.

Our Proposal. We construct Bench-U for unstructured data analy-

sis that meets all the above goals.

Key Insight: A Relational Database w.r.t. Multi-modal Data Lake.

To develop such a benchmark, our key insight is that constructing

a relational database from the corresponding multi-modal data lake

is su�cient to cover the evaluation needs of all existing systems,

including accuracy, latency, and cost.

Example 1. Still using the medical application as an example,

given a category of �les, e.g., disease documents, we can de�ne a

relational schema (i.e., a number of meaningful attributes such as

disease name, etiology, symptoms, etc.) in advance. Then we extract

the values of all attributes from the data lake as the ground truth.

In this way, we obtain a relational database consisting of multiple

tables, each corresponding to a speci�c category of �les (i.e., disease,

drug, medical institution, etc.). Consequently, any analytical queries

concerning the aforementioned attributes can be evaluated based on

corresponding data records in the constructed database, agnostic to

their query semantics and execution strategies. For example, although

the semantic operators in Lotus prefer natural language input, it can

still compose queries about the attributes covered by the database to

evaluate their implementation.

This insight guides us to construct Bench-U that meets all the

above goals.

To meet the �rst design goal, we collect six sets of unstructured

documents, as shown in Table 2. In terms of the number of docu-

ments, all the datasets have at least hundreds of documents and, in

particular, Healthcare has 100,000 long and complex documents,

which is 100× more than the existing benchmarks. In terms of

the lengths of the documents, three of the datasets have an aver-

age length of more than 10,000 tokens. In particular, on Finance

dataset, the length of the documents can be up to 838,418 tokens

(≈100 pages). E�ectively processing a large number of long doc-

uments that potentially incorporate much noisy information is

prohibitively expensive and di�cult. This poses signi�cant chal-

lenges for document chunking, chunk retrieval, and �ltering, which

are critical to the performance of UDA systems.



For the second design goal of ensuring the diversity of the

datasets and query workloads for e�ective optimization, we con-

struct datasets from six representative domains, including health-

care, law, art, sports, science, and �nance. Among them, art and

science include images and text, while science additionally includes

tables. We construct a workload of 608 queries (10× more than

prior benchmarks), spanning �ve categories: Select, Filter, Join,

Agg, and Mixed (other complex queries that are combinations of

at least 3 operator types). These queries di�er in multiple aspects,

including di�erent number of �lters, various selectivities, binary

or multiple joins, w/ or w/o aggregation operations, etc., forming a

rich optimization space that enables systematic evaluation of logical

and physical optimization techniques such as �lter reordering, join

planning, and model selection.

For the third goal of fair evaluation, we de�ne 175meaningful at-

tributes derived from the six datasets, including categorical, numer-

ical, and string types, exceeding existing benchmarks by 5×. These

attributes, represented in structured tables, lay the foundation for

Bench-U to design a systematic evaluation framework that account

for the uncertainty property of UDA systems, i.e., LLMs often deter-

ministically producing output in diverse formats, thus ensuring fair

comparison To ensure the reliability of this structured ground truth,

a team of 30 graduate students performs extensive manual anno-

tation, spending in total 4,110 hours (approximately 0.5 hours per

document). The annotation follows carefully designed guidelines

and is further validated through LLM-assisted cross-validation dur-

ing the process. Finally, we quantify annotation consistency using

inter-annotator agreement.

To achieve the last goal of easy evaluation, we have conducted

extensive experiments to evaluate these systems on all datasets,

measuring accuracy, cost, and latency across �ne-grained query cat-

egories to capture di�erences in system performance. Furthermore,

we analyze the experiment results from four perspectives: query

interface, query optimization, operator design, and data processing,

which are the key building blocks of such systems. This in depth,

multi-faceted analysis o�er actionable insights for future research.

Contributions.We make the following contributions:

(1) We present Bench-U, a benchmark for unstructured data analysis

that includes large-scale and diverse datasets, as well as a rich set

of queries; to the best of our knowledge, it is the �rst work that

constructs a comprehensive benchmark and thoroughly evaluates

existing LLM-powered UDA systems.

(2) We collect six sets of unstructured data from diverse domains,

including more than 100,000 documents. We construct 608 queries

that involve various analytical operators over the diverse attributes

de�ned in the database.

(3) We provide comprehensive and cross-validated relational tables

as ground truth, annotated by 30 graduate students over 4,110 hours,

enabling objective and reproducible evaluation on UDA systems.

(4) We thoroughly evaluate seven representative UDA systems in

accuracy, cost, and latency. Our in-depth analysis o�ers insights to

guide future research in this �eld.

2 UNSTRUCTURED DATA ANALYSIS SYSTEMS

We present the architecture of a typical LLM-powered UDA sys-

tem, which typically consists of 4 key modules: the query interface,

Unstructured	Data	Processing

Logical		Optimization

Physical	Optimization

Query	Interface

SELECT	Ins.name,	Ins.expertise,	Ins.region

FROM	medical_institutions	Ins

WHERE	Ins.region	=	"eastern_us"

				AND	Ins.expertise	=	"nephrology"

				AND	Ins.profit_status	=	"profit"

institution	=	institution.filter(

				(institution["region"]	=	"eastern_us")	&

				(institution["expertise"]	=	"nephrology")	&
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Figure 1: Architecture of Unstructured Data Analysis System.

logical optimization layer, physical optimization layer, and data pro-

cessing layer. As shown in Fig. 1, a user submits a query via the

interface, which describes the analytical task. The system parses

the query into some analytical operators, such as Extract, Filter,

Join, and Aggregation. Then, the logical optimization layer de-

termines a logical query plan, such as pushing down predicates

or ordering the operators. Then the physical optimization layer

selects the appropriate physical implement w.r.t. each operator in

the logical plan, producing an optimized physical execution plan.

The data processing layer optimizes the data layout, supporting

the aforementioned optimizations. In addition to storing the raw

data in distributed storage systems (e.g., Amazon S3), it often seg-

ments documents into chunks which are subsequently transformed

into embeddings and loaded into a vector database. This enables

accurate and e�cient retrieval to identify information relevant to a

query, speeding up query execution and reducing cost.

OptimizationGoals.Unlike traditional databases that focusmainly

on optimizing latency, LLM-powered UDA systems have multiple

optimization goals, i.e., accuracy, cost, and latency. Accuracy is

critical in such systems for two reasons. (1) LLMs are prone to

hallucinations, leading to potential inference errors; and (2) to re-

duce costs, a common practice is to only feed the LLM document

chunks highly relevant to the query, rather than entire documents.

However, if the retrieval misses relevant chunks, it will degrade the

analysis accuracy. On the other hand, the LLM cost and inference



latency largely rely on the number of input and output tokens.

Reducing them is typically achieved by minimizing the number of

input tokens. However, the system still has to ensure that the LLM

gets su�cient information to ensure the quality of the analysis.

We detail how existing systems use four modules to achieve the

stated goals. Table 1 shows the modules of each system.

System
Data Processing Operator Query Optimization

Chunking Embedding Multi-modal Extract Filter Join Agg Logical Physical

Evaporate ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✗

Palimpzest ✗ ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✓

LOTUS ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓

DocETL ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✓

ZenDB ✓ ✗ ✗ ✓ ✓ ✓ ✗ ✓ ✗

QUEST ✓ ✓ ✗ ✓ ✓ ✓ ✗ ✓ ✗

UQE ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗

Table 1: Overview of Existing UDA Systems.

2.1 Data Processing
The data processing component handles multimodal inputs (e.g.,

text and images) extracted from complex documents such as PDFs

via OCR, and organizes them into di�erent representations to sup-

port downstream analysis.

LOTUS [21], UQE [10], and DocETL [26] represent documents as

semi-structured records (CSV or JSON), where each entry corre-

sponds to a document. In CSV, text and image �le paths are stored

in separate columns, while JSON represents each document as

an object with text and image �elds. Subsequently, Palimpzest

and UQE encode text into embeddings, while UQE further encodes

images, storing these representations with the data. ZenDB [17]

and QUEST [27] process plain text in relational databases and build

indexes to support e�cient retrieval and query analysis. ZenDB

organizes documents into hierarchical semantic units, while QUEST

constructs a two-level (document- and chunk-level) vector index by

encoding summaries and chunks into embeddings to locate relevant

content and reduce LLM usage cost. More details can be found in

the technical report [7]. Evaporate [2] targets plain text stored in

a folder for subsequent analysis. Palimpzest [18] organizes the

plain text and images in each document into a directory. Both do

not support indexing.

2.2 Query Interface & Operators

Query Interface. Each system provides a query interface for users

to de�ne analytical tasks. UQE, ZenDB, and QUEST use SQL-like lan-

guage to support analysis over unstructured data. For example, in

the Healthcare dataset, to �nd private institutions specializing in

nephrology and located in the eastern United States, a user can

write a query shown in Figure 1. DocETL, Evaporate, LOTUS and

Palimpzest o�er declarative Python APIs, corresponding to logical

operators in relational databases, for users to compose a query as a

Python program, as shown in Fig. 1.

Operators. Bench-U supports 4 common analytical operators.

Extract generates attributes from a set of documents � , formally

de�ned as Extract(�,�), where� speci�es the attributes to be ex-

tracted from � and the output is a relational table )� . For example,

to extract the rating and locations of institutions, this operation can

be expressed as Extract (Healthcare, [rating, location]). In an

SQL-like interface, this corresponds to SELECT rating, location

FROM Healthcare”, while in the Python API, it could be written as

pz.addcolumns(Healthcare, [rating, location])”. In addition, users

can provide attribute descriptions as prompts, helping LLMs pro-

duce accurate answers. Evaporate employs LLMs to generate code

to extract each attribute. Other systems feed the attribute (with

optional user descriptions) and relevant document chunks (possibly

the entire document) to LLMs for extraction.

Filter. Given a condition � , Filter operation selects a subset of

documents that satisfy� from � , denoted by Filter(�,�). A �lter

on documents � evaluates whether the relevant attributes of each

document satisfy condition � . For example, “lotus.sem_�lter(‘the

{document} satisfy {pro�t_status} is pro�t’)” is a �lter in LOTUS. Ex-

isting systems adopt two strategies to implement such �lters: (1)

Palimpzest, QUEST, and ZenDB extract profit_status from each

document and then evaluate whether it satis�es the �lter; and (2)

LOTUS, DocETL and UQE take the �lter as part of prompts and lever-

age LLMs to determine whether the �lter condition is satis�ed.

Join is a cross-document operation, i.e., combining information

from two sets of documents based on a join condition 0, formally

de�ned as Join(�1, �2, 0).�1 and�2 are two subsets of documents,

and 0 is the join attribute. If the system extracts two tables (both

contain the attribute 0), the tables can be joined on 0. For example,

the system can extract a disease table from the disease subset

and a medication table from the medication subset, which can be

joined by disease name. This join allows users to identify diseases

from symptoms and retrieve corresponding treatments. ZenDB and

QUEST implement the Join by �rst extracting the disease table and

the medication table, respectively, from two sets of documents and

joining the two tables. On the other hand, LOTUS extracts the disease

table, embeds the join key values, and uses them to retrieve relevant

medication documents. It then extracts the medication table from

this subset and joins the two tables to produce the result.

Aggregation is de�ned as Agg(�, 0, � ), where 0 speci�es the group-

ing attribute and � de�nes the aggregation functions to apply, such

as Count, Sum, Avg, Min or Max. This operator supports analytical

tasks like “computing the number of institutions grouped by ex-

pertise”, i.e., Agg (Healthcare, ‘expertise’, Count), which can be

represented as “pz.GroupBySig(Healthcare, Count,‘expertise’)” using

the Python API of PALIMPZEST. In implementation, Evaporate,

ZenDB, QUEST and Palimpzest extract the ‘expertise’ from all

documents, group the values in a table, and then perform aggre-

gation on the grouped data. LOTUS, UQE, and DocETL, on the other

hand, �rst preprocess the documents by clustering them based on

their embeddings, and then perform aggregation or batch inference

within each cluster as an approximation to save costs. Besides, UQE

supports grouping images according to their embeddings.

2.3 Logical Optimization
Given a user-speci�ed query involving multiple operators, UDA

systems generate an optimized logical plan to reduce LLMs costs

and query latency. The optimizations adopted by existing systems

mainly include �lter reordering, �lter pushdown, and join ordering.

Filter Reordering. Consider a query that selects artists and their

birthdates with two �lters, i.e., �1 =filter(D, “lifespan is



less than 35”) and �2 =filter(D, “tone is warm”)). Di�erent

systems employ di�erent optimization strategies for reordering

�lters to reduce costs.

(1) Selectivity-only Strategy. Palimpzest and UQE adopt a selectivity-

only �lter reordering strategy that prioritizes a �lter with low selec-

tivity. This indicates that the attribute values that a document con-

tains have a small probability to satisfy the predicates of this �lter.

This reduces the chance of extracting other attributes and evaluat-

ing the corresponding �lters. These systems estimate the selectivity

(denoted by B4; ()) by sampling. For example, if B4; (�1) = 0.2 and

B4; (�2) = 0.1, applying �2 �rst would leave ≈10% documents for �1
to evaluate, potentially reducing the cost. However, only consider-

ing the selectivities tends to be suboptimal in minimizing the cost.

For example, although B4; (�2) < B4; (�1), if the document chunks

that �2 has to examine contain much more tokens than those of �1,

using this order might lead to higher costs than applying �1 �rst.

(2) Selectivity-cost strategy. To address the above limitation, ZenDB

ranks �lters based on scores computed by B4; (� ) × 2>BC (� ) and

prioritizes those with lower scores. Given the attribute 0 of a �lter

� and an unstructured document 3 ∈ � , it uses 3 [0] to denote

the chunk(s) that are highly relevant to 0. The relevance can be

computed by measuring the similarity between the embeddings of

chunks and the attribute. Let 2 (3 [0]) denote the number of tokens of

3 [0]. Then in ZenDB, 2>BC (� ) corresponds to the average number of

tokens of chunks relevant to 0 across all documents, i.e., 2>BC (� ) =∑
3∈� 2 (3 [0] )

|� |
. Therefore, it produces one single �lter order w.r.t. all

documents, similar to traditional databases. This is suboptimal, as

di�erent documents might contain di�erent numbers of tokens w.r.t.

an attribute. QUEST instead produces di�erent orders for di�erent

documents considering both their selectivities and costs, Therefore,

QUEST does not compute 2>BC (� ) w.r.t. the whole document set � .

Instead, for each document 3 ∈ � , it uses 2>BC3 (� ) = 2 (3 [0]) to

denote the number of tokens w.r.t. the attribute 0 in 3 . Then, it

assigns 3 a speci�c optimal order which prioritizes the �lter with

lower values of B4; (� ) × 2>BC3 (� ).

Filter Pushdown. Given a query that joins two sets of documents

with �lters applied on them, the most straightforward way (ZenDB)

is to �rst pushdown the �lters to the two document sets respectively,

extract the join key attribute, and then join. Traditional databases

adopt this strategy because �lters typically have a lower time com-

plexity than joins and thus should be prioritized. However, in this

unstructured data analysis scenario where LLM cost is the primary

optimization goal, a join may not be more costly than a �lter and

potentially could have a higher priority. Inspired by this insight,

QUEST proposes a join transformation strategy that �rst extracts

the join attribute of one table and then uses the extracted values as

�lters to �lter the other table, i.e., transforming a join into a �lter.

Treating this automatically generated �lter equally to other �lters,

QUEST uses the cost model discussed above to order these �lters.

Therefore, QUEST might prioritize joins over �lters to minimize the

LLM cost, contradictory to �lter pushdown in relational databases.

Join Ordering. For multi-join, ZenDB and QUEST dynamically and

progressively decide the join order during query execution. More

speci�cally, they �rst selects two tables to join based on their cost

model, and it will determine the next join only after the �rst join

�nishes execution. This process iterates in a left-deep manner until

all joins have been executed.

2.4 Physical Optimization
Next, the systems select an appropriate implementation w.r.t. each

operator in the logical plan based on the properties of the data

and user preferences, i.e., physical optimization. We introduce the

typical physical optimizations in UDA below.

Model Selection. For each logical operator, the optimizer selects

the most suitable model from a set of candidate based on users’

preference, e.g., accuracy or cost. In Palimpzest, if a user wants

to achieve target accuracy while at a relatively low cost, the sys-

tem prefers a lightweight model for simple extraction tasks to re-

duce cost, e.g., using GPT-4.1-mini to extract “birthdate” from

the Art dataset. Conversely, for complex semantic analysis where

Llama fails to meet the target accuracy, it employs more advanced

models, such as using GPT-4.1 to infer whether a case is a �rst-

instance trial in the Legal dataset.

Model Cascade. In addition to selecting one model that is the

most suitable for the operator, the optimizer in LOTUS applies the

model cascade technique to save more cost while meeting the

users’ target accuracy. More speci�cally, it uses a sequence of dif-

ferent models to execute an operator. These models have various

characteristics, such as diverse qualities, varying costs, and dif-

ferent levels of latency. For example, the model cascade can be

{GPT-4.1-nano, GPT-4.1-mini, GPT-4.1}, which begins with the

cheapest GPT-4.1-nano. LOTUS immediately returns the result if

the GPT-4.1-nano output meets the target accuracy. If not, the in-

put proceeds to the next model in the cascade, i.e., GPT-4.1-mini,

until obtaining a satisfactory output or reaching the last model.

Parallel Execution. Leveraging e�cient batched inference with

vLLM [15], LOTUS and DocETL process multiple documents con-

currently, allowing e�cient operator execution over large-scale

document collections.

Dataset #-Domain #-Attributes #-Files Tokens (Max/Min/Avg.) Multi-modal

Art 1 19 1,000 1,665 / 619 / 789 ✓

CSPaper 1 26 200 107,710 / 5,325 / 29,951 ✓

Player 4 28 225 51,378/73/8,047 ✗

Legal 1 19 566 45,437 / 340 / 5,609 ✗

Finance 1 30 100 838,418 / 7,162 / 130,633 ✗

Healthcare 3 51 100,000 63,234 / 2,759 / 10,649 ✗

Table 2: Statistics of datasets.

3 THE BENCHMARK CONSTRUCTION

In this section, we �rst overview the construction process of Bench-

U and then introduce each step in detail.

3.1 Overview

Bench-U consists of 6 datasets: Art, CSPaper, Player, Legal, Health

care and Finance. We �rst collected and pre-processed the raw

data. Next, we followed a semi-automatic, iterative process to iden-

tify the attributes of the relational tables. We then extract the values

of these attributes from these datasets, i.e., labeling ground truth,

combining iterative LLM prompting and human labeling. Finally,



we produce a comprehensive set of queries, which can be divided

into 5 major categories and 42 sub-categories.

For each dataset, we provide benchmark results in a JSON �le,

where all documents are decomposed into separate modalities (text,

tables, and images). Each document maps to a �eld in the JSON

�le, and the di�erent modalities are stored in distinct entries. In

this way, if a user wants to test her system using Bench-U, she can

directly download the processed data, load the data into the system,

run her queries, and compare the results with the ground truth

table stored in the relational databases.

3.2 Datasets

Bench-U consists of six datasets with their statistics summarized in

Table 2. Next, we describe these datasets below. For more details,

refer to the technical report [7].

Art is collected fromWikiArt.org [3], which covers artists and their

artworks spanning from the 19th to the 21st centuries. Each docu-

ment corresponds to an artist including biographical information,

artistic movement, a list of representative works, and an image of a

representative work.

CSPaper dataset is crawled from Arxiv[1] containing 200 research

papers annotated with key attributes, including authors, baselines

and their performance, the modalities of experimental datasets etc.

In particular, some papers describe the performance of all base-

lines in the main text, while other papers only describe the best-

performing baselines and leave other results in tables or �gures,

resulting in an analysis scenario with mixed-modal.

Player dataset is crawled from Wikipedia[19] that contains infor-

mation about basketball including players, teams, team managers,

etc., from the 20th century to the present, covering their basic and

statistic information.

Legal is sourced from AustLII [5] with 570 professional legal cases

from Australia between 2006 and 2009, covering di�erent types

such as criminal and administrative. Each case document typically

includes evidence, charges, legal fee, etc.

Finance are collected from the Enterprise RAG Challenge [11],

containing annual and quarterly �nancial reports published in 2022

by 100 listed companies worldwide with an average token length

of 130,633. Each record typically includes mixed types of content

like company name, net pro�t, total assets, etc.

Healthcare is obtained from MMedC [22], with healthcare docu-

ments since 2020. This dataset contains a massive amount of �les

(100,000), each �le having 10,649 tokens on average. It covers vari-

ous types of healthcare information, like drugs, diseases, medical

institutions, news, interviews crawled from large-scale web corpora

and open-access healthcare websites.

Summarization. These datasets show various characteristics. Com-

pared to other datasets, the Art dataset is less complex due to its

short documents and well-de�ned structure, but each document

contains a corresponding image. CSPaper is a moderately com-

plex academic dataset composed of research papers that contain

text, tables, and images. Legal is more complex because it is a

domain-speci�c dataset containing multiple attributes that require

semantic reasoning to extract. Finance is another complex domain-

speci�c dataset. The key challenge it introduces is the length of the

documents – up to 100 pages. Lastly, Healthcare has the largest

number of documents, containing rich information. Healthcare

and Player contain multiple categories of �les, e.g., disease, drug,

medical institution, suitable for evaluating join queries.

Note that previous works [2, 8] also use the sources of Player,

Art, and Legal in their experiments. We largely augment them

by adding new documents, attributes and comprehensive query

workloads, addressing the issue that the original datasets were

curated primarily for extraction and o�ered limited query coverage.

Data processing. We design a uni�ed data preprocessing pipeline

to handle datasets with various features. For each dataset, we or-

ganize the collected raw data �les into a main folder, with docu-

ments grouped into subfolders based on their domains. For the

Healthcare and Player datasets, we partition documents into

topic-speci�c domains, eachmapped to a relational table. In Healthc

are, which originally contains 680,000 healthcare documents, we

sampled 100,000 and used LLMs to identify three main domains

(disease, drug, and medical institution), covering 6,100 documents.

We de�ne and extract attributes only for these three domains. Other

documents are kept to create a realistic large corpus where only

some documents (the three domains above) are relevant to a query,

allowing our benchmark to evaluate UDA retrieval capabilities.

For Player, we identify 4 document subsets (players, teams, team

managers, cities) suitable for evaluating join queries.

3.3 Ground Truth Labeling

To label the ground truth, we �rst identify a number of signi�cant

attributes from each dataset and then manually extract their values.

Attributes Identi�cation.We hire 6 Ph.D. students from di�erent

majors (e.g., �nance, law, medicine) at our university to carefully

read these documents and identify attributes with varying extrac-

tion di�culty. For example, the attribute Judge name is easy to

identify, as it usually appears at the beginning of each document

in Legal. In Finance, Business cost is the sum of several com-

ponents that di�er by industry—for example, raw materials and

wages for car manufacturers, or product sourcing and logistics for

supermarkets. The labeler must identify these components from

the document, extract their values, and sum them to obtain the �nal

Business cost. Image �les also contain easy-to-extract attributes

like Tone, whose answers (“Neutral”, “Bright”, “Dark”) are straight-

forward to categorize. In contrast, di�cult attributes such as “Style”

require art expertise for reliable extraction. To rigorously evalu-

ate cross-modal reasoning, we also design complex attributes that

require joint analysis of text, tables, and images. For example, in

CSPaper, identifying the most critical ablation component requires

�rst understanding the textual ablation setup, then locating the rel-

evant tables or charts, and �nally determining which component’s

removal causes the largest numeric drop.

Labeling. To ensure high-quality ground truth for Bench-U, we

employ 30 graduate students to manually label these attributes,

totaling 4,110 human hours. For each document, an ensemble of

diverse LLMs independently retrieves candidate text chunks for

each attribute. Human labelers then review the combined chunks

to extract ground-truth values, using LLMs as assistants. If the at-

tributes cannot be found in the retrieved chunks, labelers manually

read the document to answer. To further ensure labeling quality,

we use an LLM-as-a-judge to verify human annotations. When
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Figure 2: Query Categories.

the LLM �ags an extracted attribute as incorrect, humans double-

check the corresponding ground truth. However, for the large-scale

dataset Healthcare, manually labeling all ground truth is impracti-

cal. We adopted a semi-automated iterative labeling strategy. Recall

that Healthcare includes many documents outside the three major

categories, which therefore rarely contain entities from them. We

used LLMs to classify 100,000 documents as either belonging to one

of the three categories or not. For documents in those categories,

humans labeled attributes; otherwise, the ground truth is NULL. Re-

mark that the LLM ensemble serves exclusively as auxiliary tools

for retrieval, while humans label the ground truth. This ensures

the ground truth re�ects objective facts rather than LLMs outputs,

preventing the benchmark from inheriting biases speci�c to certain

prompting strategies or models.

Quality Assurance.We conducted an Inter-Annotator Agreement

(IAA) evaluation to ensure labeling quality. We randomly sampled

191 documents across all domains and had three independent anno-

tators extract attributes, yielding 3,445 attribute values for analysis.

We use the pairwise agreement ratio [4] (( =

#06A44

#
), where #06A44

is the number of instances in which two annotators extract the

same value for a speci�c attribute in a document, and # is the total

number of annotator pairs across the 3,445 cells. The results show

strong agreement, with scores from 0.88 in specialized domains

(Finance and Healthcare) to 0.98 in general domains (Player).

Most inconsistencies arise from di�erences in domain expertise

rather than factual errors. In specialized �elds, non-expert annota-

tors may systematically misinterpret complex implicit logic (e.g.,

inferring whether a legal case is a �rst-instance trial). Full details

of quality assurance are provided in our technical report [7].

3.4 Query Construction

As shown in Figure 2, we divide the queries into �ve main cate-

gories based on the primary query operators, as di�erent operators

introduce di�erent technical challenges: (1) Select, involving only

Extract operations; (2) Filter, combining Extract with Filter

operations; (3) Join, involving Extract and Join operations; (4)

Agg, incorporating Extract with Aggregation operations; and (5)

Mixed, including several categories of operators listed above. Note

that every query includes an Extract step to return the attributes

to be analyzed. We then further decompose each main category

into subcategories to construct a broad range of queries that di�er

in modality, �lter complexity in terms of the number of �lters, pred-

icate structures (the combination of conjunction or disjunction),

selectivities, single or multiple joins, w/ or w/o aggregation, etc.

These queries are in the form of both SQL-like queries and Python

code, thus able to test systems with di�erent interfaces, like ZenDB

and Palimpzest. An example is shown below.

1 SELECT {Attribute }(s),

{agg_func }({ Attribute }(s))

2 FROM diseases

3 JOIN drug ON disease.name = drug.disease

4 WHERE {Attribute }{ operator }{ literal}

5 GROUP BY {group_by };

A SQL subcategory Example.

1 disease_doc = disease

2 drug_doc = drug

3 disease_doc = Filter(disease_doc ,

{Attribute }{ operator }{ literal })

4 disease_drug = Join(disease_doc , drug_doc ,

disease_doc.name = drug_doc.disease)

5 result = Extract(disease_drug ,

{Attribute }(s))

6 result = Aggregate(result , {group_by},

{agg_func }({ Attribute }(s))

A Code subcategory Example.

(1) For the Select category, for example, a query such as “SELECT

{Attribute}(s)” represents a Select operation used to extract at-

tributes. Here, “{Text Attribute}(s)” serves as a placeholder that can

be instantiated with any number of available attributes with di�er-

ent modalities, which are randomly selected to generate concrete

queries. These Select queries can clearly evaluate the system’s

capability of extracting attributes with di�erent modalities.

(2) For the Filter category, we further classify it by the number of

�lters (1, 2, and ≥ 3 �lters) and the way of combining the �lters

(conjunction only, disjunction only, and conjunction of disjunc-

tions), resulting in a total of 6 Filter sub-categories. With varying

complexities, these sub-categories of queries o�er a large space

for cost optimization (e.g., more �lters bring a large optimization

opportunity for �lter reordering). As shown in the example, the

pattern “{Attribute}{Operator}{Literal}” serves as the placeholder

format for �lter predicates. During query generation, we randomly

sample both the �lter attribute and the comparison operator (such

as ≤, =, or ≥) with equal probability, and we further sample literal

values to produce varying selectivities.

(3) For the Join category, to thoroughly evaluate the capacities of

di�erent systems in optimizing join queries, we curate two sub-

categories of join queries, i.e., binary joins and multi-table joins,

where more tables incur higher computation cost. During query

generation, we explicitly de�ne a join graph w.r.t. each dataset.

For example, in Healthcare, valid join paths include Disease ⊲⊳

Drug, along with their corresponding join keys (e.g., Disease.name

= Drug.disease). Similarly, in Player, we have Players ⊲⊳ Teams ⊲⊳

Managers, together with join keys that link these tables.



(4) For the Agg category, during query generation, we randomly

sample the group-by attribute, the aggregated attributes, and the ag-

gregation functions (such as Count) to populate the corresponding

placeholders (i.e., {agg_func}({Attribute}(s)).

(5) For the Mixed category, it combines multiple types of operators

in one query, e.g., �rst joining two tables and then run aggregation

on the join results. It includes 32 subcategories, each of which is

combined with at least three of the aforementioned main categories.

The above example illustrates one such combination, i.e., selecting

attributes with one �lter, an aggregation and a 2-table join.

We then apply these subcategories to each dataset to construct

queries. After generating a large pool of candidate queries, we

ask human experts to select those that are both meaningful and

representative. Speci�cally, for the �rst four main categories, we

retain 10 queries per subcategory in each dataset. Since the Mixed

category aims to evaluate the performance of combining di�erent

operators, a single query per template per dataset is su�cient.

4 EVALUATION

We evaluate existing systems on Bench-U to answer the questions:

- RQ 1: What is the overall performance of di�erent systems on the

benchmark? Which system achieves the best performance under

di�erent scenarios?

- RQ 2: How do di�erent logical optimization strategies perform?

- RQ 3: How do di�erent physical optimization strategies perform?

4.1 Experimental Settings

Systems for Evaluation. Our benchmark evaluates 7 existing

UDA systems. (1) Evaporate is a table extraction system, so we

employ Evaporate to extract structured tables from documents

and subsequently execute SQL queries on the resulting tables. (2)

Palimpzest provides Python API-based operators for unstructured

data processing. We convert each SQL query into the correspond-

ing Palimpzest code, execute it and obtain the results. (3) LOTUS

also provides an open-source Python library, which we use to ex-

ecute queries through its interface. (4) DocETL is an open-source

project using Python code. We rewrite our queries with DocETL

library and execute the Python programs. (5) QUEST provides SQL-

like query interface for processing unstructured documents, and

we directly use their code to execute queries. (6) ZenDB does not

provide their code; therefore, we implement their SHT chunking

and �lter reordering strategies and evaluate them on Bench-U. (7)

UQE does not release its code, so we reimplement its Filter and

Agg operators, along with its logical optimizations, and run them

on Bench-U. Since these two systems are closed-source, we have

no choice but faithfully reproduce their core algorithms and con-

�gurations. Bench-U evaluates system design choices rather than

o�cial engineering optimizations, our results re�ect the relative

e�cacy of these algorithmic designs rather than a de�nitive verdict

on the original systems. All adaptation details are available in the

technical report [7].

Evaluation Metrics. Following existing works [17, 27], we mea-

sure accuracy, cost, and latencyw.r.t. all queries. For queries without

aggregation (Select, Filter, Join), the outputs are relational ta-

bles, we follow [27] and report the average precision, recall, and F1

score. Given a query & , the set of tuples returned by a method is

) (&), and the ground truth is �) (&). For each element C ∈ ) (&),

we evaluate whether it can be matched to a corresponding tuple in

�) (&). Since exact string matching fails on lexical variants (e.g.,

“Los Angeles Lakers” vs. “Lakers”), we employ an LLM-as-a-judge

during evaluation to verify semantic equivalence, treating them as

correct matches if they denote the same entity. Conversely, aggre-

gation queries output numeric values. We classify the evaluation of

these predicted values into two distinct categories based on the spe-

ci�c aggregation functions. For MIN and MAX, we use a precise exact

match (G = 6C ). For SUM, AVG, and COUNT, we explicitly measure the

numerical deviation between predicted values and ground truth.

We follow the previous work [10] to calculate an accuracy score

derived from the bounded relative estimation error for each group:

1 − min(1,
|G−6C |

min( |G |, |6C | )+n
). Here, G represents the predicted value

for a speci�c group, 6C represents the ground truth value, and n

(10−5) is a minimal constant added to prevent division by zero. The

�nal accuracy score for the query is then calculated by averaging

the scores across all groups. All our metrics are normalized to the

range [0, 1], where higher values indicate better performance. This

normalization ensures consistency in both visualization and com-

parison throughout our benchmark evaluation. For LLM costs, we

report the average number of tokens (in thousands) per document

per query by using the LLM API, which counts the token consump-

tion w.r.t. all data modalities, e.g., text and images. For latency, we

report the mean execution time in seconds per document per query.

Environment. We implemented all experiments in Python 3.7 on

an Ubuntu Server with four Intel(R) Xeon(R) Gold 6148 2.40GHz

CPUs with 80 cores, 2 NVIDIA 4090 GPUs, 1TB main memory and

6TB SSD. The same environment ensures a fair comparison over

systems. We adopt GPT-4.1-mini as the default LLMs for API calls,

and Qwen3-Embedding-0.6B as the default embedding model.

4.2 Overall Performance Comparison (RQ1)

As shown in table 3, across the majority of evaluated datasets (Art,

CSPaper, Legal and Finance), Palimpzest and LOTUS consistently

achieve the highest accuracy, reaching approximately 0.58 in Art,

0.56 in CSPaper, 0.52 in Legal, and 0.39 in Finance. Speci�cally, in

short documents (Art), Palimpzest and LOTUS achieve the lowest

cost (2k tokens per document) at the same time. Their costs are

lower than those of systems employing chunking strategies (e.g.,

ZenDB). The reason is that when processing short documents, mul-

tiple target attributes frequently appear within the same text chunk.

Repeatedly feeding this shared chunk to the LLMs for di�erent

semantic operators ultimately consumes more tokens than directly

processing the complete document a single time.

Insight I: Chunking (or data retrieval) does not help on short doc-

uments, as most relevant information is already contained within a

small context. In such cases, applying retrieval or chunk-level pro-

cessing introduces unnecessary overhead, increasing cost without

improving accuracy.

However, as the length of documents increases, the chunks rel-

evant to semantic operators become increasingly separated. Con-

sequently, chunking-based systems begin to achieve signi�cant

cost savings. Within the CSPaper, Legal, and Finance datasets,

although Palimpzest and LOTUS achieve highest accuracy, they



Method Art CSPaper Player Legal Finance Healthcare

Acc. Cost Latency Acc. Cost Latency Acc. Cost Latency Acc. Cost Latency Acc. Cost Latency Acc. Cost Latency

Evaporate 0.08 - 0.16 0.23 - 2.40 0.18 - 0.30 0.14 - 0.25 0.07 - 1.50 0.01 - 0.52

Palimpzest 0.58 1.99 1.40 0.56 27.47 7.70 0.69 9.22 3.83 0.52 8.83 3.07 0.39 176.35 10.55 0.24 14.55 4.76

LOTUS 0.57 2.52 4.13 0.55 34.49 8.22 0.68 12.16 4.18 0.51 12.41 2.84 0.38 256.98 15.87 0.22 21.75 5.55

DocETL 0.45 6.60 14.79 0.45 41.41 63.15 0.70 54.23 76.96 0.51 93.48 151.32 0.29 501.08 761.88 0.21 148.83 176.01

ZenDB 0.44 2.73 1.66 0.45 18.37 32.60 0.65 6.66 2.77 0.44 15.31 14.33 0.35 40.76 4.14 0.22 14.91 2.10

QUEST 0.44 2.05 1.38 0.44 10.63 2.39 0.66 3.83 1.52 0.45 6.21 1.50 0.35 32.65 3.49 0.27 7.08 1.91

UQE 0.41 0.75 5.79 0.34 29.25 5.91 0.53 5.39 5.01 0.37 7.06 5.18 0.29 78.65 5.91 0.17 9.30 0.63

Table 3: Overall Performance across 6 datasets.

incur costs that are �ve times higher than other systems (e.g., ZenDB

and QUEST) that utilize text chunking and retrieval strategies.

Moreover, Palimpzest attains higher accuracy and lower cost

than LOTUS on these datasets. This is because LOTUS asks the LLM

to produce a boolean judgment from the entire document at once,

whereas Palimpzest �rst extracts the target attribute and then

checks whether it meets the condition. This two-step pipeline gives

more explicit instructions, leading to more accurate results than

direct logical execution.

Observation I: In the case of the �lter operator, extracting the

attribute �rst and evaluating the �lter thereafter lead to more accu-

rate results than directly executing it with LLMs. This is because

decomposing the �lter into the above two steps provides LLMs with

more explicit instructions.

Palimpzest achieves lower operational costs than LOTUS, as

Palimpzest implements speci�c logical optimization techniques.

When evaluating multiple �lters, Palimpzest prioritizes �lters

with low selectivity to discard irrelevant documents early in the

execution pipeline. This �ltering strategy substantially decreases

the volume of operations required during subsequent processing

stages. Therefore, if the user prioritizes accuracy, Palimpzest is

the most suitable system, as it achieves the highest accuracy while

maintaining relatively low costs.

Furthermore, QUEST and ZenDB achieve the lowest cost. They

achieve substantial cost savings not only by partitioning documents

but also by implementing logical optimizations. Furthermore, QUEST

is more cost saving compared to ZenDB because it dynamically op-

timizes the execution order of �lters for each individual document.

This dynamical strategy prevents the computational waste com-

pared to ZenDB. Speci�cally, ZenDB generates a uni�ed logical plan

that evaluates �lters based on the average token cost across the

entire dataset. However, the exact size of chunks corresponding to

a speci�c attribute varies signi�cantly among di�erent documents.

Observation II: Implementing dynamic logical optimization at

document level is an e�ective strategy for minimizing the opera-

tional cost of current systems.

In general, within CSPaper, Legal and Finance datasets, there

currently exists no optimal solution that simultaneously achieves

superior accuracy, reduced costs, and lower latency. Existing sys-

tems either process the complete document context to maximize

extraction accuracy at the expense of cost and latency, or they em-

ploy retrieval or chunking strategies to minimize cost consumption

while inevitably sacri�cing accuracy.

Insight II: All existing systems struggle on long documents due

to missing an e�ective data retrieval mechanism. That is, scanning

the document with an LLM preserves complete context but is pro-

hibitively expensive, while the systems that use data retrieval to

�lter data tend to erroneously prune the text chunks that contain

valuable information.

However, in Player and Healthcare, Palimpzest and LOTUS

no longer achieve the highest accuracy. Within the Player dataset,

almost all systems achieve high accuracy, reaching approximately

0.68. This is because attributes in this dataset can be easily extracted

using independent text chunks, which eliminates the necessity to

scan the entire document. Therefore, both full document process-

ing and chunking-based systems achieve high accuracy. DocETL

achieves the highest accuracy of 0.70, since it leverages multiple

agents to process these chunks. This collaborative reasoning ca-

pability enhances the overall execution accuracy. However, this

marginal accuracy gain comes at an unacceptable price. The to-

ken cost of DocETL reaches 54.23k tokens per document and its

latency jumps to 76.96 seconds per document. This is because the

system repeatedly feeds chunks into the model and exhaustively

evaluates all possible execution plans. Therefore, QUEST and ZenDB

are recommended under such circumstances, as they achieve high

accuracy while maintaining the lowest costs. And QUEST is the

most cost-e�cient, since its document-level logical optimization

can further reduce cost by dynamically adapting execution plans

for each document.

Insight III: When retrieval successfully captures all relevant in-

formation, systems can achieve high accuracy. However, di�erent

execution plans lead to di�erent costs. In such cases, logical opti-

mization strategies can identify more cost-e�cient plans and save

cost. Furthermore, document-level logical optimization can further

reduce cost by dynamically adapting execution plans (e.g., �lter

ordering) for each document, thus yielding the most cost-e�cient

execution plan.

Within Healthcare, a lot of irrelevant and noisy information

frequently misleads the LLMs. Consequently, systems (Palimpzest

and LOTUS) that supply the entire document directly to the models

exhibit poor performance. And QUEST o�ers the highest accuracy

and lowest cost. This advantage is due to its hierarchical two-stage

retrieval strategy. First, the system utilizes lightweight summaries



to entirely discard massive volumes of irrelevant documents. This

document-level �ltering substantially reduces unnecessary token

consumption. Second, the system evaluates the remaining docu-

ments to process only on the relevant chunks. This chunk-level

�ltering process not only saves cost but also prevents noisy context

from degrading the overall accuracy. However, this strategy relies

heavily on the quality of retrieval, making the design of robust,

highly e�ective retrieval mechanisms a critical direction for future

research.

Insight IV: A good data retrieval strategy is the key to analyzing

long and complex documents. In addition to reducing costs, it can

even improve accuracy by preserving all relevant information while

�ltering out noisy or irrelevant content.

We also �nd that Palimpzest and LOTUS outperform other sys-

tems by over 10% accuracy on the Art and CSPaper datasets, which

include multimodal information. Palimpzest and LOTUS use spe-

cialized semantic operators for image processing. In addition, the

CSPaper de�nes cross-modal attributes, such as best performing

baseline, that require complex integration of text with the corre-

sponding tables or images. By providing the complete document

directly to the models, Palimpzest and LOTUS preserve the cross

modal structural integrity, ensuring that the critical associations

between text, tables, and images remain complete, but at a high

cost. Therefore, current systems lack advanced strategies for multi

modal data chunking and corresponding retrieval. Developing such

strategies could signi�cantly advance cost optimization e�orts in

future works.

Insight V: Existing methods perform poorly on multi modal

datasets, as they lack a retrieval method that can e�ectively prune

the irrelevant data, while still preserve the correlation among the

relevant data across di�erent data modalities.

In general, operational cost correlates directly with execution

latency because latency depends on input/output tokens and the

number of LLM calls. DocETL is slowest, using a multi-agent ap-

proach with many LLM calls and the highest token usage. LOTUS

and Palimpzest follow, as they also make multiple calls and pass

the full document each time. UQE is more e�cient but still processes

entire documents per call; with �lters, its regression model greatly

improves e�ciency. QUEST and ZenDB are e�cient because they

use fewer tokens and fewer LLM calls, while Evaporate is most

e�cient by generating extraction code.

4.3 Evaluation of Logical Optimization (RQ2)

Filter Reordering. We compare with four �lter reordering strate-

gies as follows. (1) Random: the �lters are executed in random order;

(2) Sel: the �lters are ordered based on the selectivity; (3) Sel+Cost

(ZenDB): the �lters are ordered based on both the selectivity and

the estimated average cost of extracting each attribute from the

sampled documents; (4) (Sel+Cost)/doc (QUEST): each document

has its own plan considering the selectivity and the estimated ex-

traction cost w.r.t. this document. We compare the above strategies

based on QUEST. To evaluate su�ciently, we conduct experiments

on Player over di�erent query subcategories w.r.t. di�erent num-

bers of �lters: S1 with one �lter, S2 with 2 �lters, and S3 with 3 or

more. In Figure 3, for queries in S1, all baselines have nearly the

same cost since each query uses a single �lter and thus only one

order. For queries with more �lters, these methods are ranked as

follows by the LLMs cost: (Sel+Cost)/doc < Sel+Cost < Sel <

Random. The �rst two strategies save more cost because they opti-

mize the order considering the cost. (Sel+Cost)/doc is the most

cost-e�ective because it provides �ne-grained optimization for each

individual document.

Filter Pushdown. We compare with two strategies as follows. (1)

DB-Pushdown: like in traditional databases, it pushes down �lters re-

spectively to the relevant tables before join. (2) Trans-Join (QUEST):

it transforms a join to a �lter operation and orders the �lters using

the above (Sel+Cost)/doc strategy to reduce the cost. We compare

the above strategies using Mixed queries with �lters on Player and

Healthcare. We observe from Figure 4 that Trans-Join is more

cost-e�ective than DB-Pushdown because given two tables to join,

Trans-Join builds a cost model to judiciously determine which

table will be extracted �rst and transformed to a �lter on the other

table, which provides the opportunity to run a join �rst if it incurs

a smaller data extraction cost.

Join order.We evaluate three strategies as follows. (1) Pushdown:

all �lters are pushed down �rst, and then join is performed; (2)

Random: tables (document subsets) are joined in random order, with

each pair of tables joined using Trans-Join; (3) Dynamic (ZenDB,

QUEST): it uses a cost model to dynamically identify two tables to

join in a left-deep manner, with each pair of tables joined using

Trans-Join. We compare the above strategies using Join queries

involving three tables on Player and Healthcare. We observe

from Figure 5 that Dynamic saves much cost because it dynamically

selects the join operation that leads to the lowest cost.

4.4 Evaluation of Physical Optimization (RQ3)

Model Selection. We evaluate two strategies in Palimpzest as

follows. (1) Model-Sel: We de�ne a set of candidate models (GPT-

4.1-nano (Nano), GPT-4.1-mini (Mini), and GPT-4.1 (Normal)) and

set the selection objective as “minimize cost while achieving the

target accuracy.” (2) no-Model-Sel: The system always uses a spe-

ci�c model (Mini) for all queries. The user has to specify a desired

accuracy. In our experiments, we set this value as the average ac-

curacy obtained by running Filter queries with Mini on each

dataset (Art and Legal). We evaluate both strategies using Filter

queries on Art and Legal. The cost is calculated by multiplying

the number of tokens by the model’s price per token. As shown in

Figure 6, on Art, Model-Sel exceeds the target accuracy, while also

reducing cost by using a cheaper model. This is achieved by assign-

ing Normal to harder attributes and Nano to easier ones, while Art

has more easy attribute than hard attributes. On the challenging

Legal dataset, Model-Sel outperforms No-Model-Sel in accuracy,

but with higher cost due to more frequently using Normal.

Model Cascades.We evaluate two strategies in LOTUS as follows.

(1) Cascades: we construct a model cascade using two models,

GPT-4.1-nano (Nano) and GPT-4.1-mini (Mini). For each query, the

system �rst uses the lower-cost Nano to execute the queries. If the

accuracy does not meet the desired accuracy, the query is then for-

warded to the larger Mini for further processing. (2) No-Cascades:

The system uses only a single model, Mini to process all queries.
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Figure 9: Join Optimization.

We evaluate both strategies on the same set of queries for each

dataset and use the same cost and target accuracy settings as the

above model selection experiment. As shown in Figure 7, on Art,

Cascades achieves the target accuracy while reducing cost by pri-

marily using the less expensive Nano. This is because, for most

attributes in Art, the cheaper model is su�cient. On the challeng-

ing Legal dataset, Cascades perform similar as No-Cascades, but

incurs higher costs. This is because almost every attribute eventu-

ally requires Mini, and all documents have to be �rst processed by

Nano before being fed to Mini.

Opportunity I: Currently, there is no system supporting end-to-

end query optimization, including all above logical and physical

optimization strategies, which would be a promising direction to

achieve high-e�cacy query execution.

Optimization for Join. We evaluate two join strategies on

Healthcare. (1) Extract-All: it extracts the join key attribute

from the two tables and join them. (2) with-Search: it extracts

each value of join key attribute from one table, leverages it as a

semantic search key to prune many documents in the other table

and then join. We can observe from Figure 9 that with-Search

saves more cost than Extract-All since many documents in the

other table are pruned without extraction. However, the accuracy

is low because it incorrectly prunes documents that can be joined.

Optimization for Aggregation.We use the estimation error as

the metric following [10], de�ned as the absolute di�erence be-

tween the estimated and true values divided by the true value. We

evaluate two strategies on Art using Agg queries as follows. (1)

Extract-All: it extracts the attributes involved in Groupby and

Aggregation and then executes the query. (2) Cluster: it clusters

the attribute-related chunks based on the attribute in Groupby,

extracts the attribute in Aggregation within each cluster and exe-

cutes the query. In Figure 8, Cluster is more cost-e�ective than

Extract-All because it assumes all documents in a cluster share

the same Groupby attribute value and thus avoids extracting that

attribute. However, its relative error is high because high-quality

clustering based solely on chunk embeddings is di�cult.

Opportunity II: Another promising direction is to develop more

e�ective strategies to align the embeddings of attributes with the

embeddings of their chunks. In this way, the clustering in aggre-

gation and pruning in join can be more accurate, and thereby the

costs can be reduced more.

4.5 Evaluation of Chunking Strategies

We evaluate how di�erent chunking strategies a�ect system

performance: (1) Fixed-length [6]: �xed 512-token chunks. (2)

Heuristic [25]: grammar-based chunks, up to 512 tokens. (3)



Semantic (QUEST): semantic chunks, 128–512 tokens. (4) Tree

(ZenDB): SHT tree–based splitting.We run this experiment by chang-

ing the chunking strategy in QUEST while running Filter queries

on Art and Legal. Semantic performs best by capturing rich se-

mantic representations, yielding superior embedding similarity.

Tree surpasses Heuristic on Art and Legal because it preserves

more tokens per chunk, providing richer context at the cost of

higher latency and expense. Fixed-length performs worst, as it

can split sentences across chunks, leading incomplete information.

We further evaluate di�erent embedding models, multiple LLMs

(closed- and open-source), various prompting strategies (zero-shot,

few-shot, and CoT), and latency reduction through parallel execu-

tion. The complete experimental results, including all �gures and

detailed analyses, are provided in the technical report [7].

Scope and Limitations. First, Bench-U evaluates relational-style

declarative querying over unstructured data, targeting systems (e.g.,

Palimpzest, LOTUS, UQE) that expose such data as relational views.

While enabling rigorous evaluation of operators (Select, Filter,

Join, Agg) and optimizers, it underrepresents non-tabular tasks

such as open-ended QA or schema-free summarization. Second,

results depend on design choices such as LLMs and prompting.

Changing these may alter performance. Thus, Bench-U is not in-

tended to provide a universal ranking, but a uni�ed platform for

comparing designs under strict settings, helping researchers un-

cover common observations and promising architectural directions

within speci�c constraints.

5 RELATED WORK

UDABenchmark.Recent years havewitnessed substantial progress

in benchmarking and structuring unstructured data. Pioneering

works such as Doctopus and Evaporate focus on benchmarking

the extraction of structured attributes from unstructured data to

construct tables. SemRank focuses on benchmarking the retrieval

and prioritization of relevant documents for a given query. Bench-U

instead targets executing relational-style queries directly over un-

structured data, moving beyond the simple extract operator and

retrieval strategies. Other existing systems evaluate few queries to

highlight speci�c capabilities, and thus provide limited coverage of

the overall design space. For example, Palimpzest demonstrates

cost optimization on a fraudulent email detection task over 1000

short emails, highlighting its ability to aggressively push down

cheap �lters. Similarly, LOTUS evaluates its execution engine us-

ing �ve queries across �ve tasks, focusing on semantic operators.

For example, it tests the sem_filter operator via fact veri�cation

over 500 FEVER claims. However, the evaluations for LOTUS and

Palimpzest do not expose the system challenges regarding text

chunking. Furthermore, DocETL evaluates its architecture using

one representative query per dataset across �ve datasets. For ex-

ample, it runs a clause extraction task on CUAD (510 long legal

contracts), extracting text spans for prede�ned clause types. These

tasks highlight multi-agent reasoning, but do not consider token

cost optimization. To address these limitations, Bench-U provides

a diverse query workload that enables systematic evaluation of

optimization strategies. Concurrent with our e�ort, SemBench has

a distinct and valuable goal: benchmarking semantic query pro-

cessing over a mix of structured and unstructured data. However,

unlike Bench-U, SemBench does not target thoroughly evaluating

the capability of the LLM-powered data systems in processing long,

complex unstructured documents that raise signi�cant challenges

in cost and accuracy.

LLM-powered Unstructured Data Analysis Systems. Lotus [21]

introduces semantic operators for unstructured data processing,

including indexing, extraction, �ltering and joining capabilities that

enable the construction of complex analytical pipelines. It provides

optimized physical implementation for each operator but lacks

logical optimizations. Palimpzest [18] o�ers libraries for users to

write declarative Python code to analyze unstructured data. It opti-

mizes the logical plan of each program via �lter reordering based

on selectivities. DocETL[26] focuses on improving the accuracy of

UDA using a multi-agent strategy, but it does not conduct logical

optimization to save cost. ZenDB[17] uses semantic hierarchical

trees to identify relevant document sections and applies �lter order-

ing and predicate pushdown for optimization. However, it requires

well-structured documents and is evaluated on just 221 documents

and 27 queries. UQE [10] provides SQL-like analysis with sampling-

based aggregation, while CAESURA [30] decomposes queries into

operators to handle data in di�erent modalities.

In addition, extracting data from unstructured sources is a key

component in analyzing unstructured information, the strategies

have evolved from rule-based methods [16, 20, 23, 24] to modern

deep learning approaches [14, 31]. Nowadays, LLM-based systems

seek to resolve these issues. Evaporate [2] generates extraction

code through LLMs, balancing cost and quality through weak su-

pervision. Similarly, early systems [9, 12, 28, 29] employ LLMs for

document analysis but overlook cost optimization, which is a crit-

ical concern given the computational expense of LLM inference,

and lack a thorough benchmarking.

6 CONCLUSION

In this paper, we build a comprehensive LLM-powered benchmark

for unstructured data analysis. We collect six diverse unstructured

datasets, de�ne key attributes, and label them manually with the

assistance of LLMs in cross-validation. We then construct hundreds

of queries with various analytical operators, capable of comprehen-

sively assessing the capability of existing systems, run the queries

on the labeled datasets, and analyze their performance in depth.
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