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ABSTRACT
Foundation Models (FMs) are models trained on large corpora of
data that, at very large scale, can generalize to new tasks without
any task-specific finetuning. As these models continue to grow in
size, innovations continue to push the boundaries of what these
models can do on language and image tasks. This paper aims to
understand an underexplored area of FMs: classical data tasks like
cleaning and integration. As a proof-of-concept, we cast five data
cleaning and integration tasks as prompting tasks and evaluate the
performance of FMs on these tasks. We find that large FMs general-
ize and achieve SoTA performance on data cleaning and integration
tasks, even though they are not trained for these data tasks.We iden-
tify specific research challenges and opportunities that these models
present, including challenges with private and domain specific data,
and opportunities to make data management systems more acces-
sible to non-experts. We make our code and experiments publicly
available at: https://github.com/HazyResearch/fm_data_tasks.
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1 INTRODUCTION
FoundationModels (FMs) [19] are models trained on broad data that
can be adapted to a wide range of downstream tasks. These models
have achieved substantial gains across many semantically challeng-
ing tasks such as question answering [20], knowledge base con-
struction [79], and information retrieval [39]. As they have scaled
to hundreds of billions of parameters (e.g. GPT-3 [20], PaLM [22]),
large FMs have demonstrated surprising emergent behaviors and
good zero-shot generalization to new tasks (i.e. no task-specific
finetuning) on domains vastly different from the data they were pre-
trained on [22]. These large FMs are often autoregressive language
models (e.g. GPT-3 and PaLM) that are trained to predict the next
word in large text corpora and can be adapted to new tasks given a
simple natural language description of the task (see Figure 1). These
breakthrough capabilities have led to a race for building bigger and
better models, and innovations continue to push the boundaries of
what large FMs can do on a variety of hard language tasks.
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Title Price

Macbook Pro $1,999.00

Table 1
Title Price

Macbook Air $899.00

Table 2

“Product A is Title: Macbook Pro Price: $1,999
Product B is Title: Macbook Air Price: $899
Are product A and product B the same?”

Foundation Model

No

Figure 1: A large FM can address an entity matching task
using prompting. Rows are serialized into text and passed to
the FM with the question “Are products A and B the same?”.
The FM then generates a string “Yes” or “No” as the answer.

A natural question that arises is whether these advances can
benefit hard classical data tasks (e.g. data cleaning and integration).
While it is clear that FMs benefit text-intensive tasks, it is not clear
whether these models can be applied to data tasks over structured
data. The symbols commonly found in structured data (e.g. dates,
numbers, alphanumeric codes) are less frequent in natural language
text so it is unclear that FMs possess the ability to reason over them.
Moreover, since FMs are trained to predict the next word, it is non-
obvious that they can work out-of-the-box on complex data tasks.
This paper explores the aforementioned question and introduces
a new research vision for leveraging FMs for data management,
focusing on data cleaning and integration tasks—two keys steps in
data-driven enterprise pipelines.

Recently, a large body of research has applied machine learn-
ing (ML) [49] and deep learning (DL) [57, 74] methods—namely
pretrained languagemodels (PLMs) like BERT [32]—to semantically-
complex data tasks. However, these approaches still require a sig-
nificant amount of engineering effort as they rely on:

• Task-specific architectures: Data cleaning and integration
encapsulate many different tasks such as entity matching [77],
schema matching [92], and error detection [41]. Existing ap-
proaches, whether they are rule-, ML- or DL-based, vary greatly
from one task to the other, often with complex, task-specific
architectures. For instance, adapting BERT to data tasks requires
architectural changes and finetuning the entire model for each
task. This leads to siloed and hard-to-maintain systems.

• Hard-coded knowledge: Data tasks often rely on domain knowl-

edge (e.g. understanding the relationship between a city and its
zip code for data cleaning constraints) and commonsense reason-
ing. These are usually hard-coded with human-engineered rules
or external knowledge bases [24, 84]. Consequently, systems can
be brittle and fail to generalize to a diverse set of domains.
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• Labeled data: ML- and DL-based solutions require copious
amounts of hand-labeled data [9]. For instance, PLMs that have
achieved state-of-the-art (SoTA) results on data tasks (e.g. Ditto [38])
require a significant amount of task-specific labeled data and fine-
tuning to achieve good performance. Labeling data for each task
is engineering intensive and adds to the difficulty of maintaining
data cleaning and integration systems.
Excitingly, FMs display several useful properties that make them

an appealing choice compared to traditional approaches:
• Task-agnostic architecture: As a result of their natural lan-

guage interface, FMs can be applied to a wide-range of tasks. For
instance, Figure 1 shows how an entity matching task—which
requires identifying whether two table entries refer to the same
entity—can be cast as a prompting task. This unifying interface
eliminates the need for siloed architectures, in contrast to exist-
ing learned approaches where architectures need to be carefully
crafted for each task (e.g. task-specific classification layer).

• Encoded knowledge: Because FMs are trained on large, generic
corpora of data, they contain knowledge about an extensive set
of common entities, and thus do not rely on human-engineered
rules to acquire knowledge [82].

• Limited to no labeled data: FMs can be applied to a breadth of
tasks with little to no labeled data (e.g. few-shot and zero-shot).
When a FM needs to be fine-tuned, it typically needs dramatically
less labeled data to achieve competitive results [46].
Our goal is to better understand if large FMs can be applied

to data integration and cleaning tasks. We study the behavior of
GPT-3—an early and promising FM. While GPT-3 is already a high
quality model, we expect the significant investment in FMs from
both academia and industry to lead to more performant and scalable
FMs over time. Like many other communities, the data management
community stands to benefit from these trends. As such, we aim
to understand the advantages and limitations of FMs on data tasks,
by focusing on three key questions.

How well do large FMs transfer to data tasks? To answer this,
we cast several data tasks as natural language generation tasks (Sec-
tion 3) and explore whether a single FM can generalize well to these
tasks. In Section 4.2, we quantify the zero- and few-shot perfor-
mance of FMs on five enterprise data tasks: entity matching, error
detection, schema matching, data transformation, and data impu-
tation. We find that the largest GPT-3 variant (175B parameters)
outperforms SoTA ML-and DL-based approaches on these tasks
with few examples. This is particularly surprising since prior ap-
proaches are fully-finetuned on task-specific labeled data for these
tasks, while GPT-3-175B is simply pretrained to generate text.

What are the caveats in applying FMs to data tasks? In Sec-
tion 4.3, we unpack the few-shot “prompt tuning” process—serializing
tabular data to text, casting data tasks as text generation tasks and
constructing demonstrative task examples—for applying FMs to
data tasks. We quantify the effects of prompt formatting varia-
tions on performance and the differences between manually and
randomly selecting task examples. We find that FMs are brittle to
differences in prompt formatting and that performance improves
when prompts are manually selected versus randomly selected.

What opportunities do FMs present for data tasks and what
are the relevant research challenges? Finally, in Section 5, we

Yes Yes

Foundation Model

Zero-shot Few-shot

Task Output

Foundation Model

Task Input

Task Description

Task 
Demonstrations

Country: England, City: Kyoto?

Is there an error in Country? 

Country: USA, City: Miami? No
Country: Spain, City: Paris? Yes 

Country: England, City: Kyoto?

Is there an error in Country? 

Figure 2: Different ways to use FMs with “in-context” learn-
ing [20] on an error detection task. For zero-shot (left), the
prompt is the task description and the example to complete.
For few-shot (right), the prompt adds task demonstrations.

discuss the potential challenges and related research questions
with using FMs in data management pipelines. We discuss the
forthcoming shift in how ML systems are built, challenges around
updating FM knowledge, and opportunities and considerations
pertaining to private, temporal and local data.

We hope that our preliminary exploration will encourage the
data management community to explore the effectiveness of FMs
for other data tasks and develop techniques to overcome the short-
comings of FMs in this setting.

2 BACKGROUND
Wefirst give some background on the different data tasks considered
in this paper and then provide a brief review of FMs.

2.1 Problem Setup
We focus on entity matching (EM), error detection (ED), and data
imputation (DI) and describe the setup for these tasks. We denote
𝐷 , a structured dataset with 𝑛 entries, such that each entry is repre-
sented by a collection of𝑚 attribute value pairs: for entry 𝑒𝑖 ∈ 𝐷 we
have 𝑒𝑖 = {𝑒𝑖, 𝑗 }1≤ 𝑗≤𝑚 where for attribute 𝑗 , 𝑒𝑖, 𝑗 = {attr𝑗 , val𝑗 }.

Entity Matching The goal of EM is to match entities (real-world
objects like people, places and things) across different datasets. For-
mally, given two structured datasets (𝐷, 𝐷′) and pairs of entries
𝑒, 𝑒′ ∈ 𝐷 ×𝐷′, the goal is to predict whether these entries represent
the same entity or not. This problem is usually solved as a classifi-
cation problem, and real-world EM systems are often preceded by
blocking heuristics which are used to remove obvious non-matches.

EM has been extensively studied over the past decade (see [77]
for a survey) and methods broadly fall into three categories: rule-
based, crowd-based [36, 96] and ML/DL-based [49, 74]. Recently,
methods relying on PLMs [57] have become SoTA for this task.

Error Detection ED is an important step in data cleaning pipelines.
Given an entry 𝑒 , the goal is to detect attributes 𝑗 where val𝑗 has
an error. The task is framed as a classification problem where the
goal is to predict if val𝑗 is correct for a given 𝑒 .

ED has been studied extensively in both academic and indus-
trial settings [7]. There are a number of successful commercial
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offerings including Trifacta [6] and Tamr [5]. Traditionally, ED
systems have been heavily reliant on rule-based algorithms which
enforce data constraints through functional dependencies or knowl-
edge bases [23, 24, 26]. Additionally, there are statistical-based
approaches such as pattern enforcement [24, 45], outlier detec-
tion [28], and record deduplication [89] algorithms. Recent efforts
have developed SoTA ML models for ED [41].

Data Imputation DI is a critical step for repairing dirty data
sources. Given an entry 𝑒 withmissing attribute values {attr𝑗 , NULL},
the goal of DI is to infer the missing values. The full range of plau-
sible values for the missing value is not known apriori.

Prior works in DI falls into three categories—clustering and/or
statistical-based [70], generativemodel-based [35],ML/DL-based [17,
72], and tabular data pretraining-based approaches [30]—and strug-
gle when needing to impute values not seen in the training set [72].

2.2 Background on Foundation Models
We now give an overview of language FMs, starting from very early,
smaller FMs (i.e. PLMs) and moving to large-scale FMs, the latter
of which is the focus of this paper.

Pretrained LanguageModels Pretrained LanguageModels (PLMs)
are neural networks pretrained on large corpora of publicly avail-
able text (e.g. web pages). The first breed of PLMs—ELMo [78],
BERT [33], RoBERTA [64]—learned the semantics of natural lan-
guage by predicting masked works during pretraining. These mod-
els have on the order of hundreds of millions of parameters. Tra-
ditionally, PLMs are adapted to downstream tasks through a task-
specific prediction layer (e.g. classification layer) and a task-specific
finetuning step wherein all model weights are updated.

Large Autoregressive Language Models In 2020, GPT-3 [20]
marked a significant shift in the the ML community. It represented
a new class of large-scale language models: autoregressive lan-
guage models pretrained to predict the next word in a sequence.
These models have billions of parameters and have been used for
language generation tasks such as question answering and summa-
rization. Since the release of GPT-3, bigger and better performing
autoregressive language models have been developed [22].

Emergent Behaviors Interestingly, the biggest GPT-3 variant
(175B parameters) has the capacity to solve natural language tasks
with only a few examples (few-shot prompting), and, in some cases,
just a task description (e.g. “Translate French to English”). Un-
like traditional finetuning, no model parameters are updated to fit
the task. Few-shot prompting has proven to be effective on tasks
widely different from the FMs pretraining objective (e.g., code gener-
ation [100], Trivia QA [20, 59] and arithmetic [20]). This in-context
learning behavior can be thought of as the FM “locating” an already-
learned behavior [85]. Smaller models (<10B parameters) typically
require some form of task-specific finetuning. We study ways to
use smaller FMs on data tasks in the full report [75].

3 FOUNDATION MODELS FOR DATA TASKS
Our goal is to understand whether FMs can benefit data clean-
ing and integration tasks. The procedure for applying FMs to data

tasks requires adapting structured data inputs to textual inputs (Sec-
tion 3.1), casting data tasks as text generation tasks (Section 3.2) and,
for few-shot prompting, constructing demonstrative task examples
to help the FM learn new data tasks (Section 3.3).

3.1 Tabular Data Serialization
FMs take text as input and generate text as output. In order to apply
these models to data tasks, we first need to convert structured
tabular data inputs to text representations.

Given a structured dataset, we first convert an entry to text.
Concretely, for entry e, we follow previous work [57] and serialize
the attribute value and entry as follows:

serialize(𝑒) ≔ attr1 : val1 . . . attr𝑚 : val𝑚
If the attribute value is NULL, it is serialized as the empty string.
Based on the task and dataset, serialization only happens over a
subset of attributes relevant to the task. FMs can be sensitive to
the prompt format and the specific serialization used [105]. In Sec-
tion 4.3 we study the sensitivity of FMs to sub-selection choices.

3.2 Data Tasks as Natural Language Tasks
Next, we need to convert data tasks to text generation tasks. We con-
struct natural language descriptions of each task (i.e. prompts) that
use the serialized representations from Section 3.1. The prompts
are passed to the FM, whose generated output is the answer to
the given task. For entity matching and error detection, the model
generates a “Yes” or “No” response,1 and for imputation it generates
the missing value. We now enumerate the prompts for each task.

Entity matching: given two entries (𝑒, 𝑒′) the template is

Product A is serialize(𝑒). Product B is serialize(𝑒′) .
Are Product A and Product B the same?

Data imputation: given an entry 𝑒 and attribute 𝑗 to infer, we use

attr1 : val1 . . . attr𝑗 ?

Error detection: given an entry 𝑒 and attribute 𝑗 to classify as erro-
neous, we use

Is there an error in attr𝑗 : val𝑗?
These templates highlight the generality of this framework which
could be extended beyond the tasks considered in this paper.

3.3 Task Demonstrations
Task demonstrations can be included in the prompt to help the
model learn a new task (see Figure 2 for an error detection example).
These demonstrations are used to show the model how the task
should be completed (e.g. should it generate Yes/No or a missing
value) as well as understand the finer-grained semantics of 𝐷 . We
explore two approaches for selecting task demonstration examples.

Random One approach is to sample random examples from a
labeled dataset. However, this approach often causes high variance
in FM performance [62]. Moreover, the ordering of examples in the
1Interestingly, the model is not constrained to produce a Yes/No answer on the output
side, but we find that this happens most of the time. In the rare examples where the
model does not predict a Yes/No answer, we use No as the default answer.
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Table 1: Entity matching results measured by F1 score where
k is the number of task demonstrations.

Dataset Magellan Ditto GPT3-175B GPT3-175B
(𝑘=0) (𝑘=10)

Fodors-Zagats 100 100 87.2 100
Beer 78.8 94.37 78.6 100

iTunes-Amazon 91.2 97.06 65.9 98.2
Walmart-Amazon 71.9 86.76 60.6 87.0

DBLP-ACM 98.4 98.99 93.5 96.6
DBLP-Google 92.3 95.60 64.6 83.8

Amazon-Google 49.1 75.58 54.3 63.5

prompt can have a non-trivial impact on the downstream perfor-
mance [62, 66, 105]. Although recent work has tried to systematize
the prompt tuning process, it is still an open area of research [55, 90].

Manual Another approach is to manually construct examples that
yield good performance on a held-out validation set that is 10%
of the original labeled dataset. This approach is more costly (re-
quires more time) in comparison to random sampling but improves
performance when examples are carefully constructed.

In our manual prompt tuning experiments, we spend at most

1 hour per task analyzing errors on the validation set. We then
manually construct demonstrations that help the model correct
these errors. We liken this step to the canonical hyperparameter
tuning process in ML where time and compute are spent finding the
best model parameters for the given task. However, the engineering
effort for prompt tuning is significantly lower. Concretely, it takes
less time (minutes vs. hours and days), is more compute effective
(inference vs. full training), and gives the user finer-grained control
(natural language guidance vs. blackbox parameter updates).

4 EXPERIMENTS
We compare FMs to SoTAmethods on a variety of data cleaning and
integration tasks. Our goal is to understand whether large FMs can
transfer to data tasks in zero- and few-shot settings (Section 4.2),
and the nuances in applying FMs to data tasks (Section 4.3).

4.1 Experimental Setup
We begin by describing our experimental protocol, including mod-
els, datasets, metrics and baselines used.

Models For few-shot prompting we use the GPT-3-175B parameter
model (text-davinci-002) in the OpenAI API endpoint [76].

Datasets For entity matching, we use the standardMagellan bench-
mark [49]. For schema matching, we choose a challenging dataset,
Synthea, from the OMAP benchmark [104]. For data transformation,
we choose two challenging datasets from the TDE benchmark [40].
For imputation, we choose two challenging datasets from [72]:
Restaurants and Buy. Finally, for error detection, we evaluate on
the benchmark Hospital and Adult datasets which are used across
several data cleaning papers [23, 41, 84].

We use the provided train/test/dev splits for all entity matching
datasets. For cleaning tasks, the splits are not available but we
follow the protocol of [41, 72] to generate the dataset splits. For the
Adult dataset, we evaluate over a randomly sampled set of 1K rows
due to budget constraints.

Table 2: Data cleaning results, measured in accuracy for data
imputation and F1 score for error detection where k is the
number of task demonstrations.

Task Imputation Error Detection
Dataset Restaurant Buy Hospital Adult

HoloClean 33.1 16.2 51.4 54.5
IMP 77.2 96.5 - -

HoloDetect - - 94.4 99.1
GPT3-175B (𝑘=0) 70.9 84.6 6.9 0.0
GPT3-6.7B (𝑘=10) 80.2 86.2 2.1 99.1
GPT3-175B (𝑘=10) 88.4 98.5 97.8 99.1

Table 3: Data integration results, measured in accuracy for
data transformations and F1 score for schema matching. Pre-
vious SoTAmethod is TDE for data transformation and SMAT
for schema matching.

Task Data Transformation Schema Matching
Dataset StackOverflow Bing-QueryLogs Synthea

Previous SoTA 63.0 32.0 38.5
GPT3-175B (𝑘=0) 32.7 24.0 0.5
GPT3-175B (𝑘=3) 65.3 54.0 45.2

Evaluation Metrics For the error detection, and schema/entity
matching, we evaluate performance using F1 score. For imputation
and data transformation, we evaluate using accuracy.

Baselines We compare against the SoTAmethods for each task. For
entity matching, we benchmark against Ditto [57], the current SoTA
DL-based approachwhich finetunes BERT [33]. For data imputation,
we benchmark against IMP [72], which finetunes RoBERTa [64],
and HoloClean [84], a statistical-based SoTA data repair engine. For
schemamatching, we compare against the SoTAmodel, SMAT [104],
which finetunes an attention-based BiLSTM. For data transforma-
tions, we compare against TDE [40], a SoTA search-based solution.
Finally, for error detection, we compare against HoloClean and
HoloDetect [41], a data-augmentation based ML approach.

4.2 Zero/Few-shot Performance of Large FMs
In this section we explore the zero and few-shot performance of
GPT-3-175B. Our goal is to understand whether large FMs transfer
to data tasks in zero- and few-shot settings.

4.2.1 Results. We first review the zero- and few-shot results.

Few-shot Performance Our results show that in the few-shot
setting, with manually curated task demonstrations, GPT-3-175B
achieves SoTA performance on 4 entity matching, 2 imputation, 2 data

transformation, 2 error detection and 1 schema matching benchmark

dataset(s) (see Table 1, Table 2, Table 3). The FM outperforms fully-
finetuned, SoTA PLM-based approaches for entity matching [57],
and data imputation [72]. For error detection, the few-shot approach
outperforms the ML-based SoTA method, HoloDetect, which uses
data augmentation and weak supervision to perform well.

Zero-shot Performance In the zero-shot setting, we observe
that the FM outperforms statistical-based approaches and standard
data repair engines [84] for imputation. On entity matching, the
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Table 4: Entity matching ablation results (F1 score) for dif-
ferent prompt formats (𝑘=10). For all datasets, we evaluate
on up to 200 samples for cost purposes.

Prompt Format Beer iTunes- Walmart-
Amazon Amazon

Prompt 1 (w. Attr. & Example Select.) 100 ± 0.00 98.2 ± 0.00 88.9 ± 0.00
Prompt 1 (w/o Example Select.) 91.1 ± 0.05 86.6 ± 0.02 65.2 ± 0.04
Prompt 1 (w/o Attr. Select.) 76.9 ± 0.00 94.1 ± 0.00 75.0 ± 0.00
Prompt 1 (w. Attr. & w/o Attr. names) 80.0 ± 0.00 94.5± 0.00 84.2 ± 0.00
Prompt 2 (w. Attr. & Example Select.) 96.3 ± 0.00 84.7 ± 0.00 100 ± 0.00
Prompt 1: “Are Product A and Product B the same?”
Prompt 2: “Are Product A and Product B equivalent?”

zero-shot performance is significantly lower than the few shot
performance. This performance gap suggests that demonstrations
are very important for the task, and we study the impact of task
demonstrations in more detail in Section 4.3.

4.2.2 Discussion. These results show that large FMs can transfer to
data tasks. These results are particularly exciting given that FMs are
trained tomodel English language and have no prior exposure to the
semantics of data tasks nor the syntax of tabular data. Furthermore,
the zero-shot performance on imputation suggests that large FMs
not only have an understanding of how to complete the tasks, but
also have encoded knowledge that is needed to correct and complete
records (e.g. functional dependencies between address and zip code).
We analyze encoded large FM knowledge in the full report [75].

On the entity matching datasets that the FM does not achieve
SoTA on, we find that the FM struggles on data domains that con-
tain jargon not commonly found in text. In such cases, the model
lacks a strong semantic understanding of the input and has diffi-
culty reasoning over the data. For example, in the Amazon-Google
dataset, the model has difficulty matching samples due to the high
volume of product-specific identifiers in the descriptions. Here, for
instance, the model fails to accurately match the two entries: “name:

pcanywhere 11.0 host only cd-rom xp 98 nt w2k me. manufacturer:

symantec. price: NULL” and “name: symantec pcanywhere 11.0 win-

dows. manufacturer: NULL. price: 19.99.”. We discuss ways to adapt
FMs to domain-specific data in more detail in Section 5.

4.3 Prompt Tuning Ablations
In this section, we analyze the performance impact of the three
different choices made during prompt tuning: attribute selection,
prompt formatting, and task demonstration curation.

4.3.1 Results. We run our ablations on three entitymatching datasets
(see Table 4). For all datasets, we evaluate on up to 200 samples for
cost purposes. We discuss our findings next.

Attribute Selection First, we find through experimentation that
sub-selecting attributes during row serialization can have a non-
trivial impact on entity matching performance. In particular, we
observe that sub-selecting attributes that are essential in determin-
ing whether two entities match (e.g. name) and removing noisy at-
tributes improves model accuracy. To better illustrate this point, we
evaluate FM performance on three datasets when not sub-selecting
attributes. We find that, on average, attribute selection results in a
13.7 F1 point performance improvement (Table 4).

Prompt Formatting Second, we observe that FMs can be brit-
tle to subtle variations in prompt templates. We investigate this
brittleness by replacing the span “Are Product A and Product
B the same?” (Prompt 1) with “Are Product A and Product B
equivalent?” (Prompt 2). This minor modification results in an
average 9.4 F1 point performance gap in the datasets in Table 4.

Task Demonstrations Finally, we find that the choice of task
demonstrations has a significant impact on downstream perfor-
mance. We conduct an ablation where we replace manually curated
task demonstrations with randomly selected demonstrations (see
Prompt 1 (w/o Example Select.) in Table 4). We run this experiment
over three different random seeds and report the results in Table 4.
Across all cases, manually curated examples outperform randomly
selected examples by an average of 14.7 F1 points.
4.3.2 Discussion. The aforementioned results demonstrate that
successful prompt tuning requires (1) selecting an informative set
of attributes required for the task, (2) crafting a well-formatted
prompt that the FM understands, and (3) constructing a set of
instructive task demonstrations that condition the model to the
data at hand. For (1), we find that attribute sub-selection boosts
performance by removing noisy attributes that hurt performance.
For (2), our ablations show that prompt formatting (e.g. word choice,
punctuation) can have significant impact on model performance.
For (3), our results indicate that examples need to be carefully
crafted for FMs to learn new tasks. We conjecture that on more
reasoning-intensive tasks (e.g. matching), prompts are important
as they help teach the model how to reason about entities and how
to complete the task. Moreover, we emphasize that all three steps
require some form of iteration to develop the most effective prompt
(e.g. passing various inputs to the model and inspecting its outputs).

These findings are aligned with existing literature on prompt
tuning that observe non-trivial variance in prompt-based learning
settings [105]. This performance variance suggests that iterative
prompt programming is an essential human-in-the-loop process
for FM usage [63]. However, some works suggest that smarter, au-
tomatic example selection methods can help close the gap between
random example selection and human-in-the-loop prompt selec-
tion [62]. These results highlight the paradigm shift induced by
building systems centered around FMs: instead of spending time
tuning models, we now need to invest time finding the right ex-
amples and engineering useful prompts for each task. We discuss
these paradigm shifts in more detail in Section 5.

5 RESEARCH AGENDA
Because of their natural language interface and vast internal knowl-
edge, FMs provide an interface for unifying a wide-range of siloed,
hand-engineered data integration pipelines. Consequently, we en-
vision that the data orchestration workbenches of the future will be

centered around FMs. We discuss the opportunities, practical con-
siderations, and technical challenges associated of this vision next.

5.1 Opportunities for FMs

Natural Language Interactions FMs usher in a new era of human-
machine collaborative workflows wherein users spend less time
labeling data and finetuning models and more time writing natural
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language prompts that are representative of the task at hand. As
the necessity of writing code decreases, we envision systems that
are more accessible to non-machine learning experts (e.g., business
users). In future work, we seek to better understand the human-in-
the-loop prompt engineering pipeline, especially in the context of
data management practices.

Model Prototyping The data integration andmanagement pipeline
can be categorized into three distinct stages: discovery and design,
development, and deployment [43]. We propose that FMs will be
most useful in the discovery and design phase when training data
is less available. In this setting, FMs enable rapid prototyping of
data models via prompting. In some cases, the FM’s out-of-the-
box performance will be sufficiently high, obviating the need to
train a task-specific model. In others, we can use the FM to la-
bel and generate data with human-in-the-loop feedback. When a
sufficient amount of data has been collected, transitioning to the
fully-supervised model development regime is the optimal choice.

Passive Learning From User Exhaust In the enterprise setting,
organizations accumulate a staggering amount of data exhaust—the
informational byproduct that streams from devices, products, and
workforce management practices [1]. Because FMs are pretrained
in an unsupervised fashion with a simple token prediction objective
(see Section 2.2), they can learn over any raw and unlabeled sources
of data [34, 83, 101]. As such, FMs can effectively ingest the exhaust
from the entire data stack (from system logs to structured data).
Learning from data analyst exhaust (e.g., clicks over GUI) is also an
opportunity to improve FM performance for these data tasks.

5.2 Practical Considerations of FMs

Integration in Data Management Workflows FMs take text as
input and generate text as output. As a result, they are limited in
their ability to directly take actions over the graphical user inter-
faces (GUIs) of data management software (DMS) (e.g., Snowflake).
Given that a majority of data analyst time is spent working in these
environments, we need ways of translating natural language spec-
ifications of data tasks (e.g., “remove all nan cells”), to actionable
operations on these GUIs. Excitingly, new work demonstrates how
to augment FM capabilities such that they can effectively take ac-
tions on web and mobile interfaces [10, 95]. These works suggest
the possibility of directly integrating FMs with DMS.

Interaction with Existing Systems FMs can interact with ex-
isting DMS by either replacing them or utilizing their outputs to
conduct downstream tasks. In terms of system replacement, for
tasks where the required rules and logic are not encoded in the FMs
knowledge, it is an open question [31] as to how to systematically
translate the rules and logic (e.g., domain-specific dependencies) to
natural language inputs to the FMs. For system integration, we need
ways of systematically incorporating the outputs of existing sys-
tems (e.g., dataset pattern discovery) in natural language prompts.
Prior work has demonstrated how to “ground” FM-based text-to-
SQL prompts with database schemas and metadata [29]. Similar
ideas could be used when incorporating system outputs with FMs.

Debuggability FMs are non-deterministic and can make unex-
pected errors. In order to use these models in data management

pipelines, we need mechanisms for increasing transparency and
debuggability of pipelines. One possible approach is to collect and
monitor model confidence scores. Prior work demonstrates that a
FM can “learn to express uncertainty about its own answers in nat-
ural language” [60]. Another approach is to decompose tasks into
chains of “primitive operations”, enabling for more transparency
and visibility of specific failure points [99].

5.3 Technical Challenges of FMs

Domain Specificity A key challenge in applying FMs to data
management tasks is operating over highly specialized domains
(e.g., medical, financial, and insurance data). The existing literature
suggests that domain-specialization is best achieved by continu-
ously pretraining on relevant data (e.g., earning reports, medical
reports) [37, 102]. However, training models with billions of pa-
rameters can be costly. This has motivated several works which
attempt to more quickly and cheaply adapt models to new domains
by finetuning only a few layers of the model or simply training a
small neural network (e.g., adaptor) on top of a frozen FM [50].

Privacy Organizations are often unable to pass sensitive data to
third party APIs for privacy reasons [13, 15]. Unfortunately, this
constraint is in conflict with the contemporary state of FMs where
the best performing models (e.g., GPT-3), can only be accessed via
API requests. This motivates the need for better open-source mod-
els which are competitive with closed-source models. Excitingly,
recent work [14] has demonstrated that techniques such as prompt
ensembling and prompt reframing can enable open-source models
like GPT-J-6B [94] to out-perform GPT3-175B on popular natural
language understanding benchmarks. Extending this work to data
management tasks is an interesting research direction.

Prompt Engineering and Automation Prompting is the primary
mechanism for adapting FMs to new tasks. However, prompting
requires some manual effort to design performant prompts. In the
DI setting, prompts can be sensitive to things such as data schemas
and minor formatting variations. A few automated approaches have
been developed which reduce the manual effort needed to construct
prompts: soft prompt tuning (e.g., optimizing a sequence of task-
specific vectors which are appended to the text prompt) [52, 56]
and learning to retrieve better in-context examples [86]. Adapting
these works to the challenges of prompting for data tasks is an
open area of research.

6 CONCLUSION
In this work we investigate the applicability of FMs to classical data
tasks. We find that large FMs can achieve SoTA performance on
many data tasks with 0-to-few natural language task demonstra-
tions. The ability of these models to transfer to data tasks with no

task-specific finetuning is particularly interesting given that these

models are simply pretrained to predict next words. Our work builds
upon years of important work on integration and cleaning tasks
in the data management community. We hope that our results
gesture towards the possibilities of using language guided models
for human-in-the-loop data integration practices across a broader
range of data management tasks.
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