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Demonstrating CEDAR: A System for Cost-Efficient Data-Driven
Claim Verification
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Cornell University
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Abstract

We present CEDAR, a system for cost-efficient, data-driven claim
verification using large language models (LLMs). Given a collection
of text documents containing claims that can be verified from re-
lational data, CEDAR maps claims to SQL queries for automated
verification. The system employs multiple verification approaches,
from cost-effective zero-shot LLM invocations to more accurate but
expensive iterative, agent-based methods. CEDAR dynamically se-
lects and combines these methods, optimizing for accuracy and cost
through cost-based optimization and parameter tuning. Visitors
can interact with CEDAR to observe its behavior across various sce-
narios and data sets. They can explore how the system prioritizes
verification approaches, starting with inexpensive methods and
escalating to more advanced ones as needed. Users can experiment
with CEDAR by modifying claims, data sets, and tuning parameters,
observing how these changes influence verification accuracy and
cost. Additionally, visitors can upload their own data sets to expe-
rience CEDAR’s capabilities in real-world claim verification tasks.
The demonstration highlights CEDAR’s adaptability and its ability
to balance cost and accuracy in customizable claim verification
workflows.

CCS Concepts

« Information systems — Data management systems; - Human-
centered computing — Natural language interfaces.

Keywords

Fact Checking, Natural Language Processing, Large Language Mod-
els, Cost Optimization
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1 Introduction

Improperly analyzing data from large relational databases can pro-
duce incorrect textual summaries with repercussions across many
industries such as scientific paper retractions in academia, financial
losses in retail, flawed regulatory measures in policy-making as
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well as environmental damage in energy production. We propose
CEDAR to address this problem of verifying claims on associated
data sets. The input to the system is a collection of text documents
and their associated data sets. The system identifies claims as correct
or incorrect by translating the claims into SQL queries, executing
them on the associated data set and comparing the query result to
the value originally claimed on the claim.

Example 1.1. Consider the claim “The two fatal accidents involv-
ing Malaysia Airlines this year were the first for the carrier since
1995 extracted from a newspaper article on 538 [3]. This claim
is derived from a data set, available on the 538 Web site. Our goal
is to verify the claim value ‘two’ by generating an SQL statement
that queries for the number of fatal accidents involving Malaysia
Airlines on the aforementioned data, stored as table airlines. This
claim maps to the SQL query SELECT "fatal_accidents_00_14"
FROM airlines WHERE airline = 'Malaysia Airlines'. By
executing this query and comparing its result with the claim value,
we can verify whether the claim is correct or incorrect.

CEDAR utilizes agents powered by advanced LLMs, such as GPT-
4, to translate claims into SQL queries. These agents, which use
an iterative problem-solving approach, break complex tasks into
smaller sub-tasks and leverage functions, or "tools," to solve them.
For data-driven claim verification, the tools provide the agent with
access to the relevant data and allow for comparisons between
candidate SQL queries and claim values. It is crucial to prevent situ-
ations where the agent can exploit shortcuts to appear as though it
has solved a task without actually producing a meaningful solution.
For example, granting the agent access to the claim value might
lead to SQL queries that simply return this claim value rather than
capturing the intended semantics of the input claim. To address this,
CEDAR carefully conceals critical information from the agent while
ensuring sufficient context is provided to enable accurate transla-
tion of the claim into an SQL query. In a final post-processing step,
CEDAR combines traces of tool usage from multiple iterations to
construct a single SQL query corresponding to the input claim.

However, the iterative nature of agents increases the amount of
text processed by the LLM, leading to higher verification costs since
LLM fees are tied to the volume of input and output. To address
this, CEDAR adopts a multi-stage verification strategy. Instead of
immediately deploying the most resource-intensive methods like
agents, it begins with less expensive, simpler approaches that are
often sufficient. These include single-shot claim-to-SQL translation
methods, which require only a single LLM invocation. To improve
the success rate of these methods, CEDAR automatically gathers
examples of accurately translated claims and uses them as prompts
for few-shot learning.
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Figure 1: Architecture of CEDAR

Each of the described verification methods can be paired with
various language models, resulting in a wide range of options that
balance success probability—i.e., the likelihood of accurately trans-
lating a claim into an SQL query—and monetary costs. Since LLM
outputs are inherently non-deterministic, producing different re-
sults for the same input across multiple attempts, it can be beneficial
to retry the same method on a given claim. CEDAR leverages pro-
filing data collected by testing different verification approaches
on sample input data. Based on user-defined preferences for cost
and quality tradeoffs, CEDAR identifies an optimized verification
schedule that specifies which methods to apply and the number of
retries to attempt before transitioning to the next approach.

To determine this schedule, CEDAR employs cost-based opti-
mization. This problem is conceptually similar to optimizing the
order of expensive predicates, accounting for both their costs and
selectivity, but with the added complexity of allowing retries with
potentially varying outcomes. CEDAR demonstrates that its cost
function adheres to the principle of optimality and introduces a
dynamic programming algorithm to compute the optimal schedule
based on this cost model.

2 System Overview

Figure 1 shows an overview of the CEDAR system. Input to CEDAR
is a set of text documents containing claims to be verified, along
with their associated data sets. Additionally, users can tune a pa-
rameter to specify the accuracy threshold. Setting a higher value
will make the verification results more accurate, but it will also cost
more as it involves the use of more expensive verification methods.
For each claim, CEDAR outputs the verification result (whether the
claim is correct or incorrect), along with the SQL query used for
verification.

Verification Approaches. CEDAR employs a range of verifica-
tion techniques that balance cost and quality, including agent-based
iterative methods and more affordable one-shot methods. All ap-
proaches utilize large language models for translating claims into
SQL queries, with the current implementation leveraging OpenAI’s
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GPT model series. The most basic and cost-effective method sup-
ported by CEDAR is one-shot translation, where the LLM is invoked
a single time to convert a claim into an equivalent SQL query. This
method can work with any LLM, and the current implementation
uses both GPT-4 and GPT-3.5. However, this approach struggles
with complex claims because the LLM often lacks sufficient informa-
tion about the associated datasets (e.g., the exact names of constants
in the data) to produce an accurate translation. Determining the
required information for a given claim in advance is challenging,
which motivates the use of an iterative approach.

The iterative method allows the LLM to make multiple attempts
and request additional data when necessary. CEDAR employs the
ReAct [22] framework for this purpose, where the LLM alternates
between "reasoning" and "action." Through reasoning, the LLM can
break down complex tasks into smaller sub-problems, and through
action, it selects and invokes specific tools with task-relevant input
parameters. Instead of producing a single query, the ReAct agent
generates multiple SQL queries during the process. These queries
often include intermediate results, such as constants derived from
earlier steps, which are crucial for claim verification. In a final post-
processing stage, CEDAR reconstructs a complete SQL query by
combining fragments from all iterations of the ReAct agent.

Multi-Stage Claim Verification. The various verification ap-
proaches are applied with a specified number of retries until claims
are accurately translated into SQL queries for verification. Previous
research [11] indicates that incorrect claims often feature claim val-
ues that are close to the true values. This observation has also been
utilized in earlier work on data-driven fact-checking [9]. Leveraging
this insight, CEDAR evaluates the plausibility of the SQL queries
generated during claim translation by checking whether their re-
sults are sufficiently close to the claimed values. If one approach
fails to generate a plausible SQL query, CEDAR moves to the next
verification approach based on a pre-determined schedule.

Verification Scheduling. In order to conduct multi-stage claim
verification, CEDAR first determines an optimal order in which
verification approaches are applied and the number of retries alloted
to each. This sequence is critical as it significantly influences the
overall cost of claim verification. To optimize this process, CEDAR
employs cost-based optimization, utilizing profiling statistics to
estimate the success probabilities and average costs of various
methods. In addition, it incorporates user-defined preferences, such
as the accuracy threshold, to balance the trade-off between cost and
quality. The optimization algorithm eliminates schedules that are
not Pareto-optimal based on cost and accuracy metrics. During a
final selection phase, the algorithm focuses on schedules that meet
the user-specified accuracy requirement, prioritize the use of the
maximum number of verification methods, and minimize estimated
costs.

CEDAR’s approach uses dynamic programming, inspired by
Selinger’s classical algorithm for join ordering [18], but it intro-
duces key differences. Unlike join ordering, CEDAR’s search space
includes not only the permutation of methods but also the number
of retries for each approach, including the option to exclude certain
methods entirely. Furthermore, the presence of multiple metrics
such as cost and accuracy requires specialized pruning techniques
and a tailored approach for the final schedule selection.
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Figure 2: Comparing result quality of CEDAR and baselines.

3 Extract of Experimental Evaluation

Due to space limitations, we present a small extract of our experi-
mental evaluation. All experiments are executed on a server with
Intel Core i7-1355U CPU with 16 GB of main memory. CEDAR
is implemented in Python, using the LangChain framework and
OpenAI’s GPT model series. CEDAR uses DuckDB to execute SQL
queries. Unless noted otherwise, we use CEDAR with a high accu-
racy threshold of 99%.

We evaluate all baselines on a diverse collection of 56 data sum-
maries, containing 392 claims in total. This data set was introduced
in prior work [9] and covers publicly available articles from several
newspapers (including 538 and the New York Times), as well as
summaries of Stack Overflow developer surveys and Wikipedia
articles.

We compare CEDAR to multiple prior systems for data-driven
fact-checking. These include AggChecker [9], as well as the Claim-
Buster system [5, 7]. While AggChecker focuses on data-driven
fact-checking as well, ClaimBuster supports a broader range of
claims. Following prior work on data-driven fact-checking [9], we
compare to ClaimBuster in three different configurations.

Figure 2 compares output quality for all baselines. CEDAR out-
performs the baselines for any of the three metrics: recall (the ratio
of incorrect claims identified), precision (the ratio of claims marked
as incorrect that are indeed incorrect), and the F1 Score (combining
precision and recall). For instance, CEDAR improves F1 Scores from
48% (for the runner-up baseline in that category) to 72%. Compar-
ing accuracy for baselines that translate claims to SQL queries (a
subset of the baselines we consider), CEDAR infers correct SQL
queries for 81% of claims (compared to only 58% for AggChecker).
Clearly, integrating state-of-the-art LLM-based text analysis leads
to impressive gains in verification quality.

4 Demonstration Setup

A live demo of CEDAR will be available to visitors to interact with,
over a web interface running on a laptop connected to a portable
projector. The laptop must have access to the Internet as it has to
query the OpenAI API during the claim verification process. After
a brief introduction to the system, visitors can proceed to interact
with CEDAR themselves.

Figure 3 provides a comprehensive overview of the key features
of the CEDAR system. The system accepts a document containing
claims and its associated dataset as input. Users can either upload
their own documents and datasets or select from a collection of 56
predefined scenarios sourced from platforms such as Wikipedia,
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The two fatal accidents involving Malaysia Airlines this year were the first for the carrier since 1995. ~
[% Correct Claim!
Context:

Is this behavior rational? Should we really be less inclined to fly airlines that have had fatal crashes in
the past — even when the crashes don't appear to be their fault? Or are crashes essentially random
events that occur at about the same rate on all airlines over the long run? (The two fatal accidents
involving Malaysia Airlines this year were the first for the carrier since 1995.)

SQL Query:
SELECT fatal_accidents_00_14 FROM table WHERE airline ='Malaysia Airlines’;

SQL Query Result:

Verification Approach Succeeded:

One Shot Translation with model gpt-40

Figure 3: Interface for claim verification: users select a docu-
ment or upload their own data, optionally configuring the
tunable parameters to verify the claims in the document.

FiveThirtyEight, and StackOverflow. Each document in the system
includes multiple claims that have been marked for verification.
Once a document is selected, CEDAR initiates the verification pro-
cess in the background. Within seconds, the claims are displayed
sequentially on the interface as the system completes their verifi-
cation. Claims are presented within expandable sections, with the
claim value emphasized in bold. By clicking on a claim, users can
expand it to access detailed verification results.

The verification output first indicates whether a claim is correct
or incorrect, accompanied by the claim’s context. The context in-
cludes the surrounding paragraph from the document, with the
claim itself highlighted in green (for correct claims) or red (for in-
correct claims). Additionally, the results display the SQL query used
for verification and its corresponding output. Among the multiple
verification methods available, the system identifies and highlights
the approach that successfully verifies the claim. For verification
approaches involving ReAct agents, the system provides an expla-
nation of the agent’s reasoning process. This feature allows users
to observe how the agent decomposes complex tasks into smaller
sub-problems and solves them step-by-step.

Finally, the system presents various usage statistics to enable
a comparative analysis of different verification methods. These
statistics include metrics such as the monetary cost per claim, time
spent per claim, the frequency of successful verification approaches,
total cost per approach, and total time spent per approach.

This is the general use case for interacting with CEDAR. Ad-
ditionally, there are some customizations that enhance the utility
of the demonstration. The interface includes a sidebar on the left
featuring two key options: ‘Edit Claims’ and ‘Upload Data’. The
‘Edit Claims’ option allows users to modify claims or dataset entries
before initiating the verification process. Upon selecting this op-
tion, an editable table corresponding to the dataset of the selected
document is displayed. Users can adjust claim values and rerun
the verification process. This feature provides insights into how
modifications to claims, such as altering a correct claim value to an
incorrect one, can influence the verification process. For instance, in-
correct claim values may trigger the use of more resource-intensive
verification methods as CEDAR exhaustively attempts to validate
the claim. The ‘Upload Data’ option enables users to upload custom
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datasets in CSV format for verification. By utilizing this functional-
ity, users can define their own claims and leverage CEDAR’s ver-
ification capabilities to evaluate them. This customization allows
users to explore CEDAR’s adaptability to diverse scenarios.

Users are also provided with the ability to tune a set of parame-
ters in CEDAR to optimize its performance according to specific
requirements. One such parameter is the accuracy threshold, which
allows users to manage the trade-off between cost and quality. For
scenarios where frequent verifications are required and a small
margin of error is acceptable, a lower accuracy threshold can be
set. Based on the selected threshold, CEDAR dynamically adjusts
the verification schedule to align with the specified accuracy con-
straints.

Additionally, users have the option to manually modify the ver-
ification schedule during the demonstration. This functionality
allows users to experiment with custom schedules and compare
their impact on various performance metrics, helping them to iden-
tify verification schedules that achieve an optimal balance between
cost and performance.

5 Related Work

We tackle the challenge of data-driven fact-checking using rela-
tional data and compare our approach with several existing meth-
ods [5, 9] through experiments. Other related works address simi-
lar problems but make different assumptions. For example, Scruti-
nizer [10] assumes that domain-specific classifiers for claim-to-SQL
translation are trained by fact-checkers. Similarly, TabFact [2] and
TFV [1] presuppose the availability of labeled training data for trans-
lation. In contrast, CEDAR does not rely on any user-provided train-
ing data. Instead, it operates on zero-shot approaches, leveraging
the capabilities of advanced LLMs, or uses one-shot claim-to-SQL
translation, utilizing automatically generated samples.

Our approach complements previous methods that focus on
related issues, such as identifying check-worthy claims [5, 6], an-
alyzing the robustness of data-driven claims through query per-
turbations [20, 21], or applying automated fact-checking to non-
relational data sources, such as knowledge bases [8, 19] or unstruc-
tured data [4, 13, 15]. Since CEDAR is focused on fully automated
fact-checking, it complements methods aimed at assisting human
fact-checkers [14]. Our work also relates to text-to-SQL translation
techniques [12, 16, 17]. However, rather than translating isolated
questions, we focus on translating claims embedded within larger
text documents that include a claimed result. This claimed result
plays a crucial role in our multi-stage approach, serving as a key
signal for assessing the accuracy of query translation. Without lever-
aging the claimed result, multi-stage verification and scheduling,
which are core components of our technical contribution, would
not be feasible. By exploiting these claimed values, CEDAR ensures
a more reliable verification process, strengthening confidence in
the correctness of earlier translation stages.

6 Conclusion

The proposed demonstration focuses on CEDAR, a system for cost-
efficient data-driven claim verification. Visitors will be able to in-
teract with CEDAR under different scenarios, data sets and observe
their influence on the performance metrics.
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