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Abstract

We present SYNTHTEXTEVAL, a toolkit for
conducting comprehensive evaluations of syn-
thetic text. The fluency of large language model
(LLM) outputs has made synthetic text poten-
tially viable for numerous applications, such
as reducing the risks of privacy violations in
the development and deployment of AI sys-
tems in high-stakes domains. Realizing this po-
tential, however, requires principled consistent
evaluations of synthetic data across multiple
dimensions: its utility in downstream systems,
the fairness of these systems, the risk of pri-
vacy leakage, general distributional differences
from the source text, and qualitative feedback
from domain experts. SYNTHTEXTEVAL al-
lows users to conduct evaluations along all of
these dimensions over synthetic data that they
upload or generate using the toolkit’s genera-
tion module. While our toolkit can be run over
any data, we highlight its functionality and ef-
fectiveness over datasets from two high-stakes
domains: healthcare and law. By consolidating
and standardizing evaluation metrics, we aim to
improve the viability of synthetic text, and in-
turn, privacy-preservation in AI development.

1 Introduction

Currently, in contexts involving sensitive data like
healthcare and social services, accessing domain-
specific text to develop AI systems and assistive
tools necessitates strict data-sharing agreements
and well-defined protocols to reduce privacy risks
and maintain compliance with regulatory standards
(de Kok et al., 2023; Alberto et al., 2023). Even
with careful protocols, privacy-preservation is a key
challenge, particularly if systems that have been
developed using sensitive data are accessible to the
public. While text anonymization can be used to
redact or replace private identifiers from text, there
is still significant risk of sensitive attributes in the
data being de-identified or exposed (Staab et al.,
2024; Xin et al., 2024; Pang et al., 2024).

Synthetic data offers a possible alternative means
of privacy-preservation. If synthetic text is suffi-
ciently reflective of real text, it could facilitate the
development of tools or conducting analyses, while
minimizing the risk of a privacy breach. Beyond
privacy-preservation, there has been a substantial
amount of interest in other synthetic text applica-
tions, including fine-tuning task-specific models,
serving as a proxy for human evaluations and au-
diting models (Mitra et al., 2023; Xu et al., 2023;
Tan et al., 2024; Huang et al., 2023; Min et al.,
2023). Although approaches for generating syn-
thetic text may differ depending on the intended
use-case, they typically share the same underlying
objective - to produce diverse, high-quality data
with patterns and signals that mimic the character-
istics of real-world data distributions (Wu et al.,
2024; Liu et al., 2024).

Despite substantial recent interest in privacy-
preserving text generation (Yue et al., 2023; Mat-
tern et al., 2022; Wu et al., 2023; Tang et al., 2024;
Nahid and Hasan, 2024), evaluation criteria vary
across studies, leading to inconsistencies in con-
clusions and results that overlook key aspects of
data, such as fluency and privacy (Ramesh et al.,
2024). Existing frameworks for assessing synthetic
text quality either lack a wide range of criteria and
metrics or do not provide easy-to-use tools to eval-
uate one’s own data (Belgodere et al., 2024; Chim
et al., 2024). Given the importance of synthetic
data generation and its potential use in high-stakes
domains, there is a critical need for a thorough and
consistent evaluation approach that supports com-
parability across studies. To this end, we present
SYNTHTEXTEVAL: an open-source toolkit1 for
evaluating synthetic text and comparing generation
methods. An overview of the architecture is pro-
vided in Figure 1. While generalizable to many syn-

1GitHub Repository: https://github.com/kr-ramesh/
synthtexteval
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Figure 1: Architecture overview of SYNTHTEXTEVAL.

thetic text use cases, our toolkit particularly aims
to enable the promising potential synthetic text has
for facilitating privacy-preserving data sharing in
high-stakes domains.

SYNTHTEXTEVAL has three core features that
support this endeavor. First, it provides function-
ality to generate synthetic text with differentially
private guarantees. Second, it implements a princi-
pled suite of generalizable metrics for evaluating
the utility, privacy, fairness and quality of synthetic
text, along with a descriptive outline of the data
distribution. Third, a user-friendly GUI enables
manually comparing synthetic text with real text,
supporting the solicitation of qualitative feedback
from non-technical domain experts. We further
provide built-in support for generating and eval-
uating synthetic data in two domains with sensi-
tive data: law (Pilán et al., 2022a) and healthcare
(Johnson et al., 2016), but our toolkit is crucially
data-agnostic, allowing users to run our general-
izable metrics over their own datasets. Although
our work is motivated by a clear need for standard-
ized evaluation practices in high-stakes domains,
it is broadly applicable to synthetic data for any
task. By providing standardized data-agnostic met-
rics for evaluating synthetic data quality, we aim to
assist researchers and practitioners in developing
more robust and trustworthy AI systems and tools.

2 Background

Several factors influence the viability of synthetic
data, including the faithfulness of the data to the
source distribution, the diversity of the generated
text, and its usability for developing downstream
applications (Long et al., 2024). Prior work has
often used evaluation criteria targeted to specific
use cases, which make synthetic data generation
methods difficult to compare. For instance, in gen-
erating synthetic text for privacy preservation, stud-

ies report metrics targeting training data leakage
(Yue et al., 2023), but do not assess if the synthetic
data introduces unfairness. In contrast, a system
that aims to use synthetic data to address data im-
balance may report results from groupwise perfor-
mance metrics, but not privacy leakage (Pereira
et al., 2024). Although not every metric is rele-
vant for every use case, many of them do intersect:
synthetic data is not a viable solution for privacy
preservation if it introduces unfairness.

Even when the specified criterion is shared (e.g.,
privacy), studies often use different evaluation met-
rics , which can be contradictory and preclude
comparability of methods (Friedler et al., 2021).
Motivated by the need for consistent evaluation,
our framework implements evaluation metrics that
have been commonly used in prior work, but lack
standardization (e.g., classification, canary attacks),
as well as introduces metrics that have been shown
to identify weakness in synthetic data (e.g., coref-
erence resolution, fairness criteria) but are rarely
reported (Ramesh et al., 2024).

2.1 Synthetic Data Evaluation Frameworks

Our toolkit differs from existing frameworks for
evaluation of synthetic text in its wide range of
criteria and metrics and provision of easy-to-use
tools to evaluate one’s own synthetic text data. Bel-
godere et al. (2024) provides a framework for au-
diting synthetic data across modalities, including
tabular, time series, and text, and across fidelity,
privacy, utility, and fairness metrics. However, due
to their broad focus across modalities, their metrics
are less tailored to text data, basing the evaluation
on embeddings only. Chim et al. (2024) provides
a text-specific auditing framework, focusing on
user-generated text in messaging and social media
contexts. They include metrics for downstream
utility, privacy, and text fidelity, but do not include
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Evaluation Metrics Ease-of-Use Modality

Utility Privacy Fairness Quality Descriptive Code Package GUI Natural Language

SYNTHTEXTEVAL ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Belgodere et al. (2024) ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓

Chim et al. (2024) ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓
Gehrmann et al. (2021) ✓ ✗ ✗ ✓ ✗ ✓ ✓ ✓

Patki et al. (2016) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗
Qian et al. (2023) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗

Table 1: Comparison of evaluation frameworks for private synthetic text data generation.

descriptive statistics or fairness metrics. Neither
framework provides a user-friendly code package
nor a GUI to support qualitative evaluations.

In addition to synthetic text evaluations frame-
works, other benchmarks, such as Gehrmann et al.
(2021), focus on model capabilities (e.g., devel-
oped on synthetic data) in the context of natural
language generation tasks, but are less focused on
metrics specific to the generated text. Comple-
mentary to our work, Patel et al. (2024) developed
the DataDreamer tool to standardize workflows
for generating synthetic text data with LLMs, pro-
viding functionality for both finetuning generative
models and training downstream models on gener-
ated synthetic data. However, they do not provide
any functionality to assess the generated synthetic
data. Patki et al. (2016) and Qian et al. (2023) both
provide comprehensive evaluation frameworks and
code packages for synthetic tabular data, but do not
support evaluation of synthetic text.

3 Design and Implementation

SYNTHTEXTEVAL contains a text generation mod-
ule and a set of evaluation modules, for each cate-
gory of evaluation metrics, and a GUI as shown in
Figure 1. Modules can be run individually to focus
on specific metrics or together for a full audit.

The text generation model includes optional
privacy-preserving guarantees for users who re-
quire them. It offers functionality for a descrip-
tive analysis of any corpora, along with filtering
functionality to remove low-quality synthetic text
samples. In the evaluation module, the package in-
cludes tools to train and test downstream models on
synthetic data, as well as automated evaluation of
text quality, privacy and fairness metrics. The com-
plete set of evaluation metrics are further explained
in the following subsections.

3.1 GUI

Although we implement comprehensive and gen-
eralizable evaluation metrics, fully automated met-

Figure 2: Our visual interface supporting exploration,
comparison, and annotation of synthetic and real text.

rics can miss more nuanced aspects of synthetic
text quality, especially ones that may vary across
domains. For example, leakage of a name of a
judge in a legal text may be acceptable, whereas
leakage of a patient name in clinical text is not. To
account for this, our framework contains a GUI
that provides two key functionalities: i) for a given
synthetic text, it displays the most real texts (de-
termined through embedding similarity) ii) for a
given synthetic text that contains a named entity, it
displays real texts containing the entity. The GUI
further supports writing free-form comments on
notes, which can be saved and shared. The GUI is
shown in Figure 2.

This functionality in a user-friendly display al-
lows non-technical domain experts to provide qual-
itative feedback on synthesized text, such as if syn-
thesized text is factually accurate to real text and
if it violates privacy by leaking information about
entities.

3.2 Installation and Setup

SYNTHTEXTEVAL is an installable Python pack-
age2, and the repository contains a number of user

2https://pypi.org/project/SynthTextEval/
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resources including detailed setup instructions, in-
formation about various components, as well as test
functions for each of the package’s modules. In
addition, we provide a demo Jupyter notebook and
runnable experiment scripts for our case studies. A
web-based version of our GUI is available for inter-
active exploration3, and installation instructions for
the desktop application are provided in the GitHub
repository.

3.3 Downstream Utility

We assess the utility of synthetic data as a substi-
tute for training models on real data with built-in
support for two tasks: classification and corefer-
ence resolution. We select these two tasks both for
their popularity in conducting evaluations (Table
1) driven by potential real-word use cases (Gandhi
et al., 2023), and because the characteristics of the
synthetic data that would increase its utility differs
between the two tasks. For example, if the syn-
thetic data successfully trains a high-performing
classification model, this would suggest it contains
a comprehensive set of features with similar fre-
quency and contextual usage to the real data. How-
ever, lack of coherence or logical inconsistencies
across synthesized documents may not be reflected
in classification performance. In contrast, coref-
erence resolution benefits from entity consistency,
coherent structure, and the preservation of long-
range dependencies.

In practice, a researcher or practitioner might use
synthetic text as training data for these tasks by hir-
ing annotators to label it, but collecting these “gold”
annotations is too time-consuming and expensive
to evaluate synthetic data quality across genera-
tion methods. Instead, for both tasks, we offer the
functionality to generate “silver” annotations for
the synthetic data by using an external pretrained
model. New classification and coreference models
can then be trained on this silver-annotated data,
with the models’ performance evaluated on a (real)
gold standard test set. For classification, we focus
on both F1 score and accuracy and for coreference
resolution we focus on F1 score.

3.3.1 Fairness
SYNTHTEXTEVAL provides functionality to eval-
uate fairness in models trained on synthetic data.
In domains such as healthcare and social services,
the development of equitable systems is essential

3Online interface: https://syntheticreview.cdhai.
com/

(Meng et al., 2022; Field et al., 2023). Prior re-
search has identified differences in text data associ-
ated with difference groups, such as disparate rates
of stigmatizing language in clinical notes (Harri-
gian et al., 2023), and examples where synthetic
data increases downstream performance more for
certain groups than others (Bhanot et al., 2021).
Thus, for the tasks where we conduct utility evalu-
ations, we additionally assess whether the distribu-
tion of utility is even across designated subgroups.
We implement two commonly used fairness met-
rics: equalized odds (EO) and equality difference
(ED). We provide full formulas in Appendix C.

3.4 Privacy
Our toolkit supports privacy evaluations for lan-
guage models using both canary-based evaluations
(Carlini et al., 2019) and entity-centric metrics
(Ramesh et al., 2024). Out of proposed methods
to quantify privacy leakage and memorization in
LLMs (Carlini et al., 2022; Schwarzschild et al.,
2024; Kim et al., 2023; Huang et al., 2024; Li et al.,
2024), we focus specifically on measures that esti-
mate the frequencies or likelihood of generation of
spans of sensitive information and personal identi-
fiable information (PII) in the synthetic text. These
methods evaluate privacy risks in generated text,
rather than vulnerability of models to attack (e.g.,
membership inference attacks), making them more
suitable for evaluating synthetic text and also gener-
alizable to diverse paradigms of privacy-preserving
text generation, like sanitization approaches (Chen
et al., 2023).

Canary-based evaluations measure memoriza-
tion through the generation likelihood of injected
canary phrases. While they offer a controlled way
to assess data leakage (Yue et al., 2023), they are
not always reflective of actual PII leakage (Ramesh
et al., 2024). Thus, we additionally implement
entity-centric evaluation criteria, which estimate
the frequency of sensitive entities and their contexts
in synthetic text. Appendix B provides additional
details.

3.5 Text Quality
In order to evaluate the overall synthetic text qual-
ity, independently from specific downstream util-
ity tasks, our toolkit implements a range of mea-
sures, including general perplexity-based evalua-
tions as well as the reference-based metrics Fréchet
Inception Distance (FID) (Heusel et al., 2017) and
MAUVE (Pillutla et al., 2021). These metrics have
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been shown to often align with human judgment
and can serve as valuable indicators of text quality,
especially when human evaluation is impractical
due to resource constraints. While these metrics
have known ‘blind spots’ (He et al., 2023), using a
combination of automated qualitative metrics can
offer useful insight into the distributional similarity
between synthetic and real data.

FID calculates the feature-wise mean and covari-
ance matrices of embeddings for both synthetic
and real text, and the Fréchet distance between
these matrices serves as a measure of their simi-
larity. MAUVE is a KL-divergence-based metric
that compares the distributions of the synthetic and
real text in the embedding space of a selected LLM.
MAUVE’s strength lies in its usefulness for rela-
tive comparisons regardless of embedding model
choice, as it is robust to scaling, quantization, and
embedding choices, while also correlating strongly
with human judgment compared to other automated
metrics. Perplexity assesses text quality by measur-
ing the likelihood that a provided base LLM would
generate a given text segment. A higher perplexity
score indicates greater semantic coherence (Colla
et al., 2022). Further details on how each metric is
calculated are in Appendix D.

3.6 Descriptive Statistics
Users can conduct an exploratory text analysis
of the synthetic data and make comparisons with
real data by using the descriptive statistics module.
Some of the functions included are an n-gram fre-
quency analysis to detect common collocations and
phrase patterns, TF-IDF computations to assess the
relative importance of words across documents and
an analysis of the most and least frequent entities
in the text distributions. Additionally, to extract un-
derlying thematic structures, the package employs
Latent Dirichlet Allocation (LDA) for topic mod-
eling, showing the user dominant topics and their
associated keywords.

3.7 Generating synthetic text
Although our main focus is on facilitating evalua-
tion, we additionally implement a popular synthetic
data generation method, which involves fine-tuning
an LLM with control codes, with or without dif-
ferential privacy (Keskar et al., 2019; Yue et al.,
2023; Ramesh et al., 2024). This functionality al-
lows users to conduct an initial assessment of syn-
thetic data quality in their own domains, as well
as provides a baseline to compare against more

customized generation methods.
Control codes are a special type of prefix in the

input to the language model that contain labels cor-
responding to the features associated with the de-
sired synthetic text (Keskar et al., 2019). These con-
trol codes are prepended to the prompt during train-
ing, allowing the model to learn the relationship
between the labels and the corresponding output
distributions of the synthesized text. We provide
example control codes in the appendix E. During in-
ference, users can supply their own control codes to
the model, guiding it to generate text that matches
the characteristics they desire for the intended use
of the synthetic data.

We incorporate support for differentially private
(DP) fine-tuning of models to generate synthetic
text with privacy guarantees. DP techniques safe-
guard the participants in a dataset by making it dif-
ficult to infer whether any single individual’s data
was used. This is done by injecting carefully cali-
brated random noise to the results of any analysis,
so that the outcome is nearly the same whether or
not a given data point is included. For synthetic text
generation, we achieve these privacy guarantees by
fine-tuning our models with DP-SGD (Differen-
tially Private Stochastic Gradient Descent) (Abadi
et al., 2016). In DP-SGD, model gradients are
clipped, and random noise is added during training,
which limits the impact of any single data point
and helps prevent the model from leaking sensitive
information in its outputs. Further details about
how DP works and its implementation in our study
are provided in Appendix A.

While DP-based approaches offer well-defined
upper bounds on the likelihood privacy leakage,
this comes at the expense of model utility. Nev-
ertheless, DP-generated synthetic text has been
shown to be useful in reducing privacy risks while
maintaining utility in certain downstream settings
(Ramesh et al., 2024; Yue et al., 2023).

4 Validation and Example Usage

4.1 Experimental setup and objectives

Our first case study uses the Text Anonymization
Benchmark (TAB), a dataset of 1,268 European
court cases (Pilán et al., 2022b) extensively an-
notated to support evaluating text anonymization
methods. We generate two synthetic datasets: one
without DP (ϵ = ∞) and one with DP (ϵ = 8). We
use the country and year of the court case as control
codes for generation. Thus, our artificially created

491



classification task is to predict the country for each
court case. A BERTbase model is finetuned on each
of the datasets. Our privacy evaluation focuses on
the reoccurrence of personal information entities
from the original dataset in the synthetic datasets.

Our second case study uses clinical notes from
MIMIC-III (Johnson et al., 2016) and coreference-
annotated clinical notes from the i2b2/VA Shared-
Task (Uzuner et al., 2012). For the MIMIC-III
data, we use the 10 most frequent International
Classification of Diseases (ICD-9) codes as the
control codes to generate synthetic data (similar to
Al Aziz et al. (2021)), also with ϵ = ∞ and ϵ = 8.

To measure downstream utility, we evaluate per-
formance on the multilabel and multiclass ICD-9
code prediction task for MIMIC-III, and the coref-
erence resolution task for the i2b2/VA dataset. We
compare performance for a BERTbase model fine-
tuned on only the original dataset to a model fine-
tuned on the synthetic datasets. The fairness met-
rics for the ICD-9 code prediction task are calcu-
lated for both patient race and patient gender on the
real clinical notes, while the entity-based privacy
evaluations focus on the regurgitation of PII from
the real data and the contexts in which they appear.

4.2 Results

We report classification utility for both datasets in
Table 2 and remaining results in Appendix F. In
general, results follow the trends we expect, where
real text and non-DP synthetic text have the best
utility and quality, but DP synthetic text has the
best privacy. These results validate our toolkit’s
ability to reflect these properties.

4.2.1 TAB
Descriptive statistics show the synthetic data for
TAB is on average about half as long and has half
as many unique words (Table 3), although this is
influenced by the user’s choice of hyperparameters
in generating the data. The synthetic data without
DP (Dϵ=∞) has higher Jaccard Similarity and Co-
sine Similarity to the real dataset compared to the
synthetic data with DP (Dϵ=8). Regarding quality,
both synthetic datasets are on par with the real test
set for FID, but are lower quality according to the
MAUVE and perplexity metrics (Table 4).

Utility results (Table 2) show the downstream
model trained on Dϵ=∞ has higher F1 and higher
accuracy than the one trained on Dϵ=8. However,
Dϵ=∞ has a higher percent of PII leaked from the
real data, indicating a higher privacy risk (Table

5). There is relatively high privacy risks for both
synthetic datasets, likely due to the small size of
the original TAB dataset. The Dϵ=8 dataset trades
off slightly better privacy metrics for lower quality
and utility compared to Dϵ=∞.

F1 Score Accuracy

TAB Dϵ=∞ 0.96 ± 0.035 0.99 ± 0.012
Dϵ=8 0.54 ± 0.0 ↓-0.42 0.95 ± 0.0 ↓-0.04

Healthcare
Dreal 0.67 ± 0.012 0.32 ± 0.016
Dϵ=∞ 0.61 ± 0.003 ↓-0.06 0.26 ± 0.004 ↓-0.06

Dϵ=8 0.40 ± 0.004 ↓-0.27 0.18 ± 0.005 ↓-0.14

Table 2: TAB: Difference in performance between mod-
els trained on data generated with DP and models trained
on data generated without DP over TAB classification.
Healthcare: difference in performance between real
and synthetic data as training data for the ICD-9 classi-
fication task.

4.2.2 Healthcare
For both coreference resolution and mention de-
tection, training on either synthetic dataset results
in significantly lower utility compared to the real
data, with Dϵ=∞ and Dϵ=8 providing nearly iden-
tical performance (Table 6). In contrast, for the
ICD-9 classification task (Table 2), there is a more
pronounced drop in utility when using the dif-
ferentially private synthetic data (Dϵ=8), while
Dϵ=∞ achieves higher performance than Dϵ=8 but
still does not reach the performance of the model
trained on the original dataset.

Fairness metrics (Table 7) suggest the model
trained on the real data is most fair for race as the
sensitive attribute, with the lowest FNED and EO
metrics. Dϵ=∞ is second highest, and Dϵ=8 has
the worst fairness. For gender as the sensitive at-
tribute, the models are all approximately equally
fair across training datasets. On the privacy crite-
ria, Dϵ=∞ includes a higher percent of reproduced
entities compared to Dϵ=8. Overall, our clinical
notes evaluation shows that generating data without
DP provides higher downstream utility and fairer
downstream models at the cost of slightly higher
privacy risks, compared to synthetic clinical notes
generated with DP.

Conclusion SYNTHTEXTEVAL provides a
toolkit to comprehensively evaluate synthetic text
data across a wide range of metrics. This toolkit
allows users the opportunity to assess the relative
merits of synthetic data generation approaches,
through the standardization of evaluation metrics,
allowing for greater confidence in synthetic data
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quality, especially in high-stakes domains where
quality synthetic data is in high demand.

5 Ethics Statement

SYNTHTEXTEVAL is designed to lower barriers to
development of AI systems in sensitive domains
through comprehensive synthetic text data evalu-
ation. Rather than rely on ad-hoc evaluation and
comparison of synthetic text data, we hope our
toolkit will help standardize comparisons and en-
courage responsible synthetic text data generation.
In particular, our fairness and privacy metrics em-
phasize that high performance on utility and quality
metrics are not on their own sufficient criteria for
determination of worthiness for synthetic data pub-
lication and distribution.

However, while we have aimed to include wide
range of metrics across many criteria, we caution
that other context-dependent assessment may be
necessary.An unintended consequence of this pack-
age could be a false sense of security from satisfac-
tory performance on the included metrics, leading
to less consideration of other context-specific eval-
uations. Additionally, there may be contexts where
it is unethical or harmful to generate synthetic text
data, regardless of performance on evaluations. We
are committed to continuing to improve this pack-
age. Future efforts will focus on widening the eval-
uation criteria and metrics included, providing fur-
ther visual or interactive tools for comparison, and
enhancing reliability of the package.
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A Background: Differential Privacy

Differential privacy (DP) offers a formal privacy
guarantee that ensures that any individual’s data
cannot be inferred from a query applied to a dataset
(Dwork et al., 2006, 2014). In other words, the re-
sult of such a query is nearly indistinguishable from
the result of the same query applied to a dataset that
either includes a modified version of the individ-
ual’s data or excludes the record entirely, thereby
preserving the individual’s privacy. In this case,
the notion of adjacency is defined as a difference
of a single record in the original dataset D and the
modified dataset D’. Formally, DP is defined as
follows:

Definition: Given a dataset D and an adjacent
dataset D′, which is produced by removing or mod-
ifying a single record from D, a randomized algo-
rithm F : D → Y is (ϵ, δ)-private if for any two
neighboring datasets D,D′, with the constraints
ϵ > 0 and δ ∈ [0, 1], the following holds true for
all sets y ⊆ Y :

Pr[F (D) ∈ y] ≤ eϵ Pr[F (D′) ∈ y] + δ

The value of ϵ denotes the privacy budget, while
δ specifies the likelihood that the privacy guarantee
may fail. When δ is set to 0, this implies a purely
differentially private setting with no probability of
the guarantee being broken. The value of ϵ con-
strains how similar the outputs of both distributions
are; a higher ϵ value indicates a greater privacy
budget, meaning the algorithm is less private. DP
guarantees that even if an adversary has access to
any side-knowledge, the privacy leakage of (ϵ, δ)-
DP algorithms will not increase. Additionally, an-
other property of DP is that it ensures that any post-
processing on the outputs of (ϵ, δ)-differentially
private algorithms will remain (ϵ, δ)-differentially
private.

We use DP-SGD (Abadi et al., 2016), a modi-
fication to the stochastic gradient descent (SGD)
algorithm, which is typically used to train neural
networks. DP-SGD clips the gradients to limit the
contribution of individual samples from the training
data and subsequently adds noise from a predefined
type of distribution (such as a Gaussian distribu-
tion) to the sum of the clipped gradients across all
samples. DP-SGD thus provides a differentially
private guarantee to obfuscate the gradient update,
thereby ensuring that the contribution of any given
sample in the training data is indistinguishable due
to the aforementioned post-processing property.

This process ensures (ϵ, δ)-differential privacy for
each model update. Given a privacy budget, num-
ber of epochs, and other training parameters, we
can estimate the privacy parameters using estima-
tion algorithms (Gopi et al., 2021).

B Privacy metrics

Canary-based evaluations (Carlini et al., 2019) in-
volving crafting canaries that contain sensitive in-
formation and injecting them into the training data.
The probability of generating the canary is esti-
mated in contrast to the model trained on the cor-
pus without the canary (a model that has “memo-
rized” the canary would have a higher likelihood
of generating it). In addition to this, we implement
entity-centric evaluation criteria to quantify the En-
tity Leakage Percentage (ELP) and the proportion
of an entity’s context leaked, where the user can
define the context window length (Ramesh et al.,
2024).

The ELP is calculated as follows, where Eleaked
is the number of entities leaked in the synthetic
generations, and Etotal represents the total number
of entities in the training data.

Pentities =
Eleaked

Etotal
× 100

Similarly, we quantify the memorized spans of
context where the entities appear as follows:

Pcontext(k) =
Cleaked(k)

Ctotal(k)
× 100

where Cleaked(k) is the number of occurrences
where the entity and its surrounding context (of
length k) are leaked in the synthetic generation and
Ctotal(k) is the total number of occurrences where
the entity and its context (of length k) appear in the
original training data.

C Fairness metrics

Where D is a set consisting of all subgroups cor-
responding to a demographic attribute within the
dataset, Equalized Odds is defined as:

EOD = max
(
max
d∈D

(TPRd)−min
d∈D

(TPRd),

max
d∈D

(FPRd)−min
d∈D

(FPRd)
)

Equalized difference sums the differences be-
tween subgroup performance and overall perfor-
mance for a specific metric. For example, FPR is
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an important metric in domains such as healthcare,
where false positive diagnoses can place increased
burdens on patients in the form of unnecessary
treatment or exams (Rajkomar et al., 2018). Thus,
the False Positive Equality Difference (FPED) met-
ric is the sum of the differences between the overall
FPR for the entire dataset and the FPR for each
subgroup:

FPED =
D∑

d=1

|FPRoverall − FPRd| (1)

ED metrics for true positive (TPED), true nega-
tive (TNED) and false negative (FNED) are com-
puted similarly. Lower values of EO and ED scores
indicate that the model’s performance is more con-
sistent across different subgroups.

D Automated Text Quality Evaluation
Metrics

We provide the full equations to calculate our two
automated qualitative evaluation metrics, MAUVE
and Fréchet Inception Distance.

MAUVE is computed by first sampling human
text xi ∼ P (reference) and generated text x′i ∼ Q
(synthetic). Embeddings for this text are then ob-
tained from an external model M (we use GPT-2
()). These embeddings are quantized through clus-
tering, yielding “low-dimensional discrete distri-
butions that approximate each high-dimensional
text distribution” (Pillutla et al., 2021). Finally, a
divergence curve is calculated by taking the KL-
divergence between the reference distribution and
synthetic distribution as a mixture weight λ is var-
ied, as shown in Equation 2, and MAUVE is calcu-
lated as the area under this curve.

C(P,Q) =
{(

e−cKL(Q∥Rλ), e−cKL(P∥Rλ)
)
:

Rλ = λP + (1− λ)Q, λ ∈ (0, 1)
}
. (2)

The Fréchet Inception Distance is obtained by
measuring the Wasserstein-2 distance between the
Gaussian obtained from the reference data (m,C)
and the Gaussian of the synthetic data (mw, Cw):

d2((m,C), (mw, Cw)) = ∥m−mw∥22+
Tr(C + Cw − 2(CCw)

1/2

E Control Codes

We adapt the dominant approach from prior work
(Yue et al., 2023): which involves first fine-tuning a
pre-trained autoregressive language model on real,
in-domain data and then generating synthetic data
from the fine-tuned model. We compare fine-tuning
the model with and without DP, where we use DP-
SGD for differentially private fine-tuning. After
fine-tuning, we utilize top-k sampling (Fan et al.,
2018) and nucleus sampling (Holtzman et al., 2020)
to generate diverse synthetic notes.

We condition the text generation on control
codes (Keskar et al., 2019). During training, we
prepend one or more labels associated with the
text to the model input. We similarly prepend
control codes during inference, where we sample
the provided codes from their distribution in the
training data. Thus, during training and inference,
the probability distribution of the subsequent text
x = {x1, x2...xn} is conditioned on the control
code information c, which is described by the fol-
lowing equation:

P (x|c) =
n∏

i=1

P (xi|x1...xi−1, c) (3)

The format of the control code for the MIMIC-
III data is as follows: Long_Title: <diagnoses>,
ICD9_CODE: <codes>, Gender: <gender>, Eth-
nicity: <ethnicity>, where the <diagnoses> vari-
able represents the long title form of the ICD-9
codes, information that is already provided with the
MIMIC-III dataset. An example control code is as
follows: Diagnosis: Long_Title: Unspecified essen-
tial hypertension, Atrial fibrillation ICD9_CODE:
4019, 42731 Gender: Female Ethnicity: WHITE

F Sample Usage Results

Domain Avg Length
Of Dsynth

Avg. Num
Unique Words

Min Text
Length

Max Text
Length

Jaccard
Similarity

Cosine
Similarity

TAB (DP - inf) 617.725 265.882 452 745 0.185 0.522
TAB (DP - 8) 613.75 245.95 8 787 0.147 0.474
TAB (Real) 1342.42 487.966 185 5144 - -

Table 3: Descriptive statistics for TAB across real and
synthetic datasets.
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FID MAUVE Avg. Perplexity
Dreal(test) 0.788 0.941 15.38
Dϵ=∞ 0.797 0.485 11.474
Dϵ=8 0.790 0.831 10.209

Table 4: Text quality metrics for TAB. The first column
indicates the comparison dataset, with Dreal(train) as
the reference dataset for each.

Healthcare TAB
% Entities % Entities

Dϵ=∞ 4.8 50.3
Dϵ=8 3.8 48.5

Table 5: Percent of unique PII from the training data
that appear in the synthetic generations.

Context Window Length of Private Entity Spans
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Memorization of private entities in the TAB data as context window length increases.

Figure 3: Memorization of private entities in the TAB
dataset as context window length increases.

Mention Detection Coreference
Dreal(gold) 0.800 ± 0.005 0.706 ± 0.006
Dreal(silver) 0.659 ± 0.121 0.552 ± 0.126
Dϵ=∞ 0.650 ± 0.008 0.483 ± 0.002
Dϵ=8 0.656 ± 0.006 0.491 ± 0.003

Table 6: F1 scores for coreference and mention detec-
tion for MIMIC-III over entities from human-annotated
test splits of the i2b2/VA datasets. All synthetic datasets
are annotated with silver labels.

FNED Equalized Odds

R
ac

e Dreal 0.35 ± 0.0 0.20 ± 0.0
Dϵ=∞ 0.39 ± 0.005 0.23 ± 0.001
Dϵ=8 0.53 ± 0.014 0.30 ± 0.003

G
en

de
r Dreal 0.04 ± 0.0 0.04 ± 0.0

Dϵ=∞ 0.02 ± 0.007 0.02 ± 0.007
Dϵ=8 0.04 ± 0.005 0.04 ± 0.005

Table 7: Fairness evaluation for the MIMIC-III
ICD-9n=10 task, for the gender and race categories.
Higher values indicate poorer group fairness perfor-
mance.

Rank Perplexity
(ϵ = ∞ / 8) (ϵ = ∞ / 8)

100 Insertions
Name 4628 / 3356 35.80 / 53.19
Address 5 / 3967 16.52 / 61.37
Number 1 / 818 5.77 / 14.46
Email 1 / 1410 10.50 / 70.26

10 Insertions
Name 5986 / 3378 49.72 / 54.10
Address 2276 / 4075 43.59 / 62.66
Number 902 / 841 9.43 / 14.61
Email 711 / 1452 37.81 / 72.08

1 Insertion
Name 6037 / 3383 52.06 / 54.20
Address 3348 / 4081 54.50 / 62.79
Number 1084 / 838 9.82 / 14.63
Email 1941 / 1457 43.90 / 72.28

0 Insertions
Name 6086 / 5265 44.81 / 57.54
Address 4565 / 3869 75.79 / 61.68
Number 1217 / 1522 11.80 / 13.33
Email 1003 / 3174 43.80 / 55.19

Table 8: Rank and perplexity metrics for canary attacks
over Healthcare (MIMIC) data. Each entry is shown as
ϵ = ∞ / 8. Differential privacy (ϵ = 8) increases both
metrics, improving privacy for all canaries.
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