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Organizations increasingly rely on relational data containing sensitive personal information for downstream
tasks. A common approach is to release synthetic data as a privacy-preserving substitute, typically by learning
a generative model and sampling from it. Differential privacy (DP) provides a formal guarantee of data privacy,
and existing data synthesis systems aim to balance its inherent trade-off between data privacy and task utility.
The advent of pretrained large language models (LLMs) has reshaped this trade-off landscape: on the utility
side, LLMs possess stronger representational capabilities and encode extensive prior knowledge that does
not consume the privacy budget, leading to improved task utility; on the other hand, enforcing differential
privacy for LLM-based relational data synthesis introduces new technical challenges.

We present Prism, an end-to-end framework for DP relational data synthesis using LLMs. Prism privatizes
knowledge transfer from an ensemble of teacher LLMs to a student generator via DP output aggregation. We
introduce three key innovations in the aggregation mechanism to address LLM-specific challenges, including
1) token pruning with tries to minimize teacher queries and hence the privacy cost; 2) a data-dependent DP
mechanism that adaptively scales noise for efficient budget use; and 3) probabilistic sampling with threshold
filtering to reduce bias and preserve diversity. Extensive empirical results across twelve experiments show
that Prism achieves substantially higher predictive utility than eight state-of-the-art methods under the same
privacy budget.
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1 Introduction
Organizations increasingly rely on personal data to support a wide range of data analytics and
machine learning applications [20, 34]. Such data are often stored in relational tables due to their
structured nature [60], and contain sensitive personal information. Uncontrolled sharing of these
data can lead to serious privacy risks [51, 78] and violations of data protection regulations [1, 93].
To enable responsible use of sensitive data, differential privacy (DP) [22] has emerged as a

rigorous definition and has been widely adopted by government agencies [3, 41, 58, 65, 92] and
industry [6, 45, 69, 70, 87]. Informally, a DP mechanism guarantees that the inclusion or exclusion
of any individual’s record has only a negligible effect on the output, making it nearly impossible to
infer the participation of any specific individual. In practice, DP is typically enforced by adding
calibrated randomness governed by a fixed privacy budget, concealing individual contributions but
inevitably introducing a trade-off between data privacy and task utility.

Authors’ Contact Information: Guohui Guan, University of Minnesota, Minneapolis, MN, USA, gguan@umn.edu; Chang Ge,
University of Minnesota, Minneapolis, MN, USA, cge@umn.edu.

This work is licensed under a Creative Commons Attribution 4.0 International License.
© 2026 Copyright held by the owner/author(s).
ACM 2836-6573/2026/6-ART225
https://doi.org/10.1145/3802102

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 225. Publication date: June 2026.

https://doi.org/10.1145/3802102
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3802102


225:2 Guohui Guan and Chang Ge

Broadly, there are two common paradigms for applying DP. The first is task-specific, where DP
mechanisms are tailored to a particular analytical goal. Examples include statistical reporting [11,
83], SQL query answering [31, 42, 48], and graph analysis [95, 98]. This paradigm enables fine-
grained control over the privacy–utility trade–off for the target workload. However, each task
consumes part of the overall privacy budget and requires its own DP mechanism. Conducting
additional tasks on the same dataset therefore incurs further privacy costs, making this approach
difficult to scale when multiple tasks or users need to access the data [44].

The second paradigm is data-generative, where a generative model is privately learned from the
sensitive data, with randomness introduced during the learning process to ensure DP. A synthetic
dataset is then sampled from the trained model, aiming to preserve the utility of the original data
for downstream tasks. Owing to the post-processing property of DP [23], the released synthetic
data can be freely used across multiple applications without incurring additional privacy cost. This
paradigm removes the need to design separate DP mechanisms for each task, and the synthetic data,
which share the same schema and cardinality as the original, can serve as a drop-in replacement
reusable for different tasks.
While releasing private synthetic data has been attractive [4, 8, 29, 43, 52, 54, 79, 82, 91, 96, 99–

101] and has been an important topic in the database community [4, 12, 55, 82, 99], most if not
all methods spend the privacy budget to learn a generative model from scratch. Given the limited
privacy budget and the representational constraints of commonly used models such as probabilistic
graphical models [54, 99], GANs [29, 96], autoencoders [4, 82], and diffusion models [52, 91], these
approaches often struggle to capture the complex correlations present in real-world datasets [38].

Recently, pretrained large language models (LLMs) have emerged as a promising alternative that
fundamentally reshapes the privacy-utility trade-off space. Unlike earlier approaches that train
generative models entirely from scratch, LLMs bring rich prior knowledge learned from large-scale
corpora and possess strong representational capacity to capture complex data correlations [30].
These properties suggest that LLMs can deliver high utility while consuming less of the privacy
budget by leveraging pretrained knowledge without incurring additional privacy cost, making them
appealing backbone models for relational data synthesis. However, on the privacy side, applying
standard DP model training such as DP-SGD [2] to LLMs remains challenging [76, 77, 89]. Injecting
noise into model weights during gradient descent can overwhelm meaningful signals, distorting
the pretrained knowledge embedded in the LLM and thereby degrading its downstream utility [97].

Therefore, to harness the strengths of LLMs while avoiding the limitations of model perturbation,
we develop an alternative strategy based on output perturbation for enforcing differential privacy.
Specifically, our approach builds upon the framework of private aggregation of teacher ensembles
(PATE) [62]. In this framework, an ensemble of teacher LLMs is fine-tuned on disjoint partitions of
the sensitive data, and their DP aggregation serves as the mechanism for transferring knowledge
to the student. For each query, the teachers produce votes, which are then privatized before being
used to train a student LLM. This approach eliminates the need to inject noise directly into model
parameters and instead provides privatized supervision signals for training the student generator.
While PATE avoids direct perturbation of model weights, applying PATE-style guarantees to

LLM data synthesis introduces new challenges. PATE was designed for single-step classification
over a small label set. Autoregressive LLM data synthesis instead requires a sequence of token-level
queries over a large vocabulary, fundamentally changing the problem in three ways.

First (C1), aggregation in autoregressive synthesis must simultaneously ensure schema-domain

validity and query efficiency under a large, context-dependent token space. At each generation step,
the candidate token set is large and context-dependent; under DP noise, the aggregated vote can
favor tokens that are linguistically plausible but invalid for the attribute domain, which breaks
schema validity. Meanwhile, generating a single tuple requires many sequential aggregation queries
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across tokens and attributes, so a naïve token-by-token querying strategy can rapidly consume
the privacy budget. Second (C2), teacher consensus varies substantially across generation steps.
Unlike classification with a fixed small label set, autoregressive generation predicts over a large,
context-dependent token space, so vote histograms can be highly concentrated or highly dispersed.
A uniform DP noise scale is therefore suboptimal: it either wastes privacy budget under strong
consensus or overwhelms weak signals and hurts utility. Third (C3), knowledge transfer must

preserve diversity under noise. Naïve noisy-max aggregation used in PATE induces mode collapse
toward frequent values, which is particularly harmful for data synthesis.

Motivated by the above challenges, we present Prism, an end-to-end framework for differentially
private relational data synthesis using large language models. Prism addresses these challenges
with a tuple distillation mechanism that incorporates three key innovations, each of which has deep
roots in prior database research: trie-guided pruning to short-circuit queries while enforcing schema
validity (addressing C1), data-dependent DP to adapt noise for efficient budget use (addressing C2),
and probabilistic sampling with threshold filtering to mitigate noise-induced bias and spurious
token selection (addressing C3). These components are tightly coupled and collectively enable
feasible and high-utility DP synthesis.
In summary, our novelty is an end-to-end framework that instantiates PATE-style private ag-

gregation for autoregressive LLM generation to enable DP synthesis of structured relational data,
where knowledge transfer proceeds via sequential token-level aggregations over a large, dynamic
vocabulary while still producing schema-valid tuples. We summarize our contributions as follows:
• To the best of our knowledge, Prism is the first to adapt output perturbation for differentially
private relational data synthesis with LLMs, achieved through private tuple distillation (§ 3).
• We develop an end-to-end tuple distillation mechanism with three key innovations (i.e., trie-
guided token querying, data-dependent DP noise scaling, and thresholded probabilistic sam-
pling) to address the fundamental challenges that arise when applying PATE-style guarantees
beyond single-step classification to autoregressive LLM-based data synthesis (§ 5).
• We release an open-source prototype1 of Prism. Through extensive evaluation consisting of

twelve experiments, we demonstrate that Prism achieves substantially higher predictive utility
than eight state-of-the-art methods (§ 7).

2 Preliminaries

Differential Privacy (DP). A randomized algorithmM achieves (𝜖, 𝛿)-DP [22, 25] if for all output
S ⊆ Range(M) and for any two database instances 𝐷, 𝐷 ′ ∈ D that differ only in one tuple,
Pr[M(𝐷) ∈ S] ≤ 𝑒𝜖 Pr[M(𝐷 ′) ∈ S] + 𝛿 . The parameters (𝜖, 𝛿) quantify the privacy cost and are
commonly referred to as the privacy budget. A smaller privacy budget corresponds to a stronger
privacy guarantee.

Complex DP algorithms can be built from the basic algorithms following two important properties
of differential privacy: 1) Post-processing [23] states that for any function 𝑔 defined over the output
of the mechanismM, ifM satisfies (𝜖, 𝛿)-DP, so does 𝑔(M); and 2) Composability [22] states that if
M1,M2, · · · ,M𝑛 satisfy (𝜖1, 𝛿1)-, (𝜖2, 𝛿2)-, · · · , (𝜖𝑛, 𝛿𝑛)-DP, then a mechanism sequentially applying
M1,M2 toM𝑛 satisfies (

∑𝑛
𝑖=1 𝜖𝑖 ,

∑𝑛
𝑖=1 𝛿𝑖 )-DP.

Private Aggregation of Teacher Ensembles (PATE). The PATE framework [62, 63] is designed
to train a differentially private classifier (i.e., the student model) via noisily aggregating predictions
from a set of classifiers (i.e., the teacher models). In PATE, the sensitive dataset 𝐷 is partitioned

1https://github.com/golden-eggs-lab/prism
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into 𝑘 disjoint sets
{
𝐷1,· · · ,𝑘

}
(i.e., 𝐷 = ∪𝑘𝑖=1𝐷𝑖 and 𝐷𝑖 ∩ 𝐷 𝑗 = ∅,∀𝑖 ≠ 𝑗, 𝑖, 𝑗 ∈ [1, 𝑘] ). PATE consists

of three components:
• Teacher models: Each teacher is a model trained independently only on one partition 𝐷𝑖∈[1,𝑘 ] .
At inference, teachers independently predict class labels.
• Aggregation mechanism: To classify an input x, each teacher model votes for the class. The
votes are counted, Gaussian noiseN(0, 𝜎2) is added to each count, and the class with the highest
noisy count is returned, i.e., arg max𝑗∈[1,𝑡 ] (𝑛 𝑗 (x) + N (0, 𝜎2)), where 𝑛 𝑗 (x) is the number of
teachers predicting class 𝑗 . This implements a noisy max-vote mechanism for DP [22].
• Student model: The student learns by querying the teacher ensemble on unlabeled data. Since

each query consumes part of the privacy budget, the number of queries is limited. The student
receives only noisy labels, ensuring DP through DP’s post-processing property [23].

3 Problem and Solution Overview
3.1 Problem Statement
Given a private relational table 𝐷 in schema 𝑅 and a DP budget (𝜖, 𝛿), we aim to design a process
P that generates a synthetic dataset 𝐷̃ in same schema 𝑅 and cardinality |𝐷 |, such that:
• (Predictive Utility) The synthetic 𝐷̃ preserves predictive characteristics of the original 𝐷 , i.e.,

for a downstream classification task 𝑇 (𝐷𝑡𝑟𝑎𝑖𝑛, 𝐷𝑡𝑒𝑠𝑡 ), trained on 𝐷𝑡𝑟𝑎𝑖𝑛 and tested on 𝐷𝑡𝑒𝑠𝑡 , and
an evaluation metric 𝐸, 𝐸 (𝑇 (𝐷̃, 𝐷̄)) ≈ 𝐸 (𝑇 (𝐷 \ 𝐷̄, 𝐷̄)), where testing data 𝐷̄ ⊂ 𝐷 .
• (Privacy Guarantee) The process P that generates 𝐷̃ satisfies (𝜖, 𝛿)-differential privacy, i.e., for
any set of instances D output by P, Pr(P(𝐷1) ∈ D) ≤ 𝑒𝜖 Pr(P(𝐷2) ∈ D) + 𝛿 , for any two
neighboring 𝐷1 and 𝐷2 that differ in one tuple.

3.2 Solution Overview
We propose Prism, an end-to-end framework for differentially private table synthesis using large
language models. Prism adopts a teacher–student paradigm to privately transfer knowledge from
an ensemble of teacher models to a student model through tuple distillation. The framework is
agnostic to the choice of pretrained LLMs; for notational simplicity, we denote all instances using a
single LLM type𝑀0.
Given a private relational table 𝐷 in schema 𝑅, a DP budget (𝜖, 𝛿), an ensemble size 𝑘 , and

pretrained LLM𝑀0, Prism performs private data synthesis in three steps, which are illustrated by
Figure 1 and more formally described in Algorithm 1.
Step 1: Fine-tune Teacher LLMs (§ 4). Prism first partitions the original table 𝐷 into 𝑘 disjoint
subsets of equal size. Each subset 𝐷𝑖 is used to fine-tune a teacher model𝑀𝑖 initialized from the
input model𝑀0, where each tuple is represented as a tuple sentence in the format [attribute is
value]. This step enables each teacher to learn independently from its partition of the private data
(Algorithm 1, Lines 2–5).
Step 2: Transfer Knowledge From Teachers (§ 5). After the teacher ensemble is trained, Prism
privately transfers their knowledge through a tuple distillation process. To distill a tuple sentence,
Prism performs autoregressive generation, where the ensemble predicts one token at a time until
the entire tuple is completed. To reduce privacy cost, Prism constructs a token trie for every
attribute domain (§ 5.2). These tries guide generation by pruning out-of-domain tokens and short-
circuiting deterministic completions, thereby reducing the number of teacher queries. The teachers’
token-level votes are then aggregated into histograms, to which Prism applies a data-dependent
differential privacy mechanism that adaptively scales Gaussian noise based on the histogram range
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Predict next token with
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Token a Token b ... Token m
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Filtered Token Histogram
Token a Token b ... Token m

Noisy Token Histogram
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GuideSynthetic Dataset
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Fig. 1. An overview of Prism ’s end-to-end workflow. The process comprises three main stages: 1) fine-tuning

teacher LLMs on disjoint subsets of the sensitive dataset (§ 4); 2) transferring teachers’ knowledge through

private tuple distillation (§ 5); and 3) fine-tuning a student LLM on the distilled data to generate the final

synthetic dataset (§ 4).

(§ 5.3). Next (§ 5.4), threshold-based filtering removes low-support tokens introduced by noise,
and probabilistic sampling selects the next token from the remaining candidates. This process
iteratively forms a set of privately distilled tuples, which together constitute the distilled dataset 𝐷̂
satisfying (𝜖, 𝛿)-DP. This step corresponds to Line 6 of Algorithm 1.
Step 3: Fine-tune Student LLM and Synthesize Data (§ 4). The distilled dataset 𝐷̂ , being syn-
thetic and already differentially private, is then used to fine-tune a student model 𝑆 initialized from
𝑀0. Since this training relies entirely on 𝐷̂ , it incurs no additional privacy cost. Once trained, the
student model 𝑆 serves as the generative synthesizer that samples a complete synthetic dataset 𝐷̃
matching the schema and cardinality of the original table. The resulting 𝐷̃ can be safely released
for downstream tasks. This step corresponds to Lines 7–8 of Algorithm 1. □
In the rest, we elaborate on each step of the Prism workflow. The fine-tuning of teacher and

student LLMs, as well as the synthetic data generation are described in § 4. The subsequent § 5
describes the knowledge transfer via data distillation, which focuses on three key innovations of
Prism: token pruning with tries (§5.2), a data-dependent DP mechanism (§5.3), and probabilistic
sampling with threshold filtering (§5.4).

4 Model Fine-Tuning and Data Synthesis
This section describes the shared fine-tuning procedure for both the teacher and student LLMs, as
well as how the final synthetic dataset is sampled from the student LLM.
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Algorithm 1 Prism: End-to-end workflow
Require: Private relational table 𝐷 in schema 𝑅, DP budget (𝜖, 𝛿), ensemble size 𝑘 , pretrained

LLM𝑀0
1: procedure Prism(𝐷, 𝑅, (𝜖, 𝛿), 𝑘, 𝑀0)
2: Randomly partition 𝐷 into 𝑘 disjoint subsets

{
𝐷1,· · · ,𝑘

}
3: for 𝑖 ∈ [1, 𝑘] do
4: 𝑀𝑖 ← Train(𝐷𝑖 , 𝑅, 𝑀0) ⊲ Algorithm 2
5: end for

6: 𝐷̂ ← Distill
{
𝑀1,· · · ,𝑘

}
, 𝑅, (𝜖, 𝛿)) ⊲ Algorithm 5

7: 𝑆 ← Train(𝐷̂, 𝑅,𝑀0) ⊲ Algorithm 2
8: 𝐷̃ ← Synthesize(𝑆, 𝑅, |𝐷 |) ⊲ Algorithm 3
9: return 𝐷̃

10: end procedure

Model Fine-Tuning. As the first work to apply PATE to LLM-based DP data synthesis, we adopt
a consistent LLM architecture for both teachers and the student to keep the workflow aligned
and allow the same fine-tuning and generation procedures for both sides, enabling us to focus
on the core technical challenges. Empirically, this design is already competitive with prior DP
data synthesizers, as shown in § 7. In Prism, both teacher and student models are initialized from
pretrained LLMs. Although teacher and student models are fine-tuned on different datasets, with
the teacher trained on a partition of the true dataset and the student on the distilled dataset, both
datasets share the same schema. As a result, the fine-tuning procedure remains consistent.
Generative LLMs are designed to model and generate sequences of natural language. To apply

them to a relational table, we first convert each tuple into a textual representation (i.e., tuple
sentence). Various encoding strategies exist for this transformation [8, 30, 100], and a comparative
analysis of encodings is beyond the scope of this work. In Prism, we choose to leverage the
schema context and represent each tuple as a sequence of attribute-value statements in the format
[attribute predicate value] [21, 36]. Formally, given a tuple 𝑡 = [𝑣1, · · · , 𝑣𝑘 ] under schema
𝑅 = [𝐴1, · · · , 𝐴𝑘 ], we construct a tuple sentence as “𝐴1 is 𝑣1, · · · , 𝐴𝑘 is 𝑣𝑘”.
After converting to tuple sentences, we apply fine-tuning using the causal language model-

ing (CLM) objective [67], which is implemented as token-level cross-entropy over each tuple
sentence. Specifically, for each training sequence 𝑥 = (𝑥1, . . . , 𝑥𝑛), the model is trained to min-
imize: LCLM (𝑥) = −

∑𝑛
𝑖=1 log 𝑃𝑤 (𝑥𝑖 | 𝑥<𝑖 ), where 𝑃𝑤 is the predicted distribution over tokens

parameterized by𝑤 .

Example 1. A tuple with schema 𝑅 = [age, education] and values (30, Bachelors) is textual-
ized as “age is 30, education is Bachelors.” The resulting corpus of sentences is then
used to fine-tune a pretrained language model.

Algorithm Details. Algorithm 2 shows the process to fine-tune a LLM. Each tuple 𝑡 ∈ 𝐷 is first
converted into a tuple sequence 𝑡 in natural language through the schema-driven textualization
procedure using Textualize (Line 3). The resulting corpus

{
𝑡1,· · · ,𝑛

}
is then used to fine-tune a

language model𝑀0 using a CLM objective.
Data Synthesis from Student Model. Once the student model 𝑆 has been fine-tuned, it serves as
the generative synthesizer for producing the final synthetic dataset (Algorithm 3). Prism employs a
sentence-level sampling procedure to generate complete tuples that conform to the input schema
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Algorithm 2 Train: LLM fine-tuning using relational table
Require: Dataset 𝐷 = {𝑡1,· · · ,𝑛}, schema 𝑅, pretrained LLM𝑀0
1: procedure Train(𝐷, 𝑅,𝑀0)
2: for each tuple 𝑡 ∈ 𝐷 do

3: 𝑡 ← Textualize(𝑡, 𝑅) ⊲ Convert to a tuple sentence
4: end for

5: Fine-tune𝑀0 on corpus
{
𝑡1,· · · ,𝑛

}
6: return𝑀0
7: end procedure

Algorithm 3 Synthesize: Sentence sampling from student LLM
Require: Student model 𝑆 , schema 𝑅, cardinality𝑚
1: procedure Synthesize(𝑆, 𝑅,𝑚)
2: 𝐷̃ ← ∅
3: while |𝐷̃ | < 𝑚 do

4: prompt← “𝐴1 is”; sentence← 𝑆.Generate(prompt)
5: 𝑡 ← ParseSentence(sentence, 𝑅)
6: if 𝑡 contains every attribute in 𝑅 then

7: 𝐷̃ ← 𝐷̃ ∪ {𝑡}
8: end if

9: end while

10: return 𝐷̃

11: end procedure

𝑅. Each generation begins with a schema-aware prompt “𝐴1 is”, from which the model autore-
gressively generates a textual representation of a tuple (Line 4). The generated sentence is then
parsed back into a structured tuple following the reverse of the textualization process (Line 5). This
process repeats until the number of synthesized tuples reaches the desired cardinality𝑚, resulting
in the final synthetic table 𝐷̃ .

Example 2. Assume the same schema 𝑅 = [age, education]. Generation starts from a
prompt “age is”. The student model autoregressively generates a sentence such as “age
is 30, education is Bachelors”. This sentence is then parsed back into a structured tuple
[30, Bachelors]. Repeating this process yields the final synthetic dataset 𝐷̃ .

5 Knowledge Transfer via Tuple Distillation
The original PATE framework was designed for training a student classifier, in which knowledge is
transferred from the teacher ensemble through noisy aggregation over class labels (§ 2). However, in
the context of data synthesis, the student is a generative model rather than a classifier, necessitating
a different knowledge transfer mechanism. Prism develops a novel knowledge transfer approach
called tuple distillation. That is, the teacher ensemble produces a small set of synthetic tuple
sentences that approximate the distribution of the true dataset, while ensuring differential privacy.
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5.1 Overview of Tuple Distillation
Tuple distillation follows a schema-guided autoregressive generation process at the token level.
Generation proceeds at three levels: individual attributes, complete tuples, and the distilled dataset.

Individual Attribute. For a given attribute, tuple distillation generates its value token by token.
At each step, the partially generated tuple serves as a prompt. All fine-tuned teacher models
independently predict the next token, and their predictions are aggregated into a histogram. After
adding DP noise, one token is selected and appended. The process repeats until the attribute value
is completed. It is necessary for tuple distillation to perform voting at the token level because LLMs
are pretrained to generate tokens, and their knowledge is encoded at the token level. Treating
entire categorical values (e.g., HighSchool) as atomic outputs would require redefining them as
new tokens, for which pretrained models have no contextual knowledge, making it impossible to
leverage their knowledge.

Example 3.

Consider a schema 𝑅 = [age, education]. Assume the domain of age is {30, 40} and the domain
of education is {HighSchool, Bachelors}. Each value is represented as a sequence of tokens by the
tokenizer. For example, the value 30 is tokenized as [“3”, “0”], 40 as [“4”, “0”], HighSchool as
[“high”, “school”], and Bachelors as [“ba”, “che”, “lors”].
Tuple distillation starts with the prompt “age is”. Each teacher predicts a next token such
as “3” or “4”, and their predictions are aggregated into a histogram. After adding noise, the
token “3” is selected and appended, yielding “age is 3”. The same procedure then selects
“0”, completing the value 30.

Complete Tuple. Tuple distillation proceeds attribute by attribute. This process repeats until all
attributes in the schema have been generated, producing a complete tuple.

Example 4.

Continuing the previous example, once age is completed, the prompt is extended to “age is
30, education is”. The same procedure is applied to the education attribute. A valid value
Bachelors is produced. At this point, all attributes have been generated, yielding the tuple
[30, 𝐵𝑎𝑐ℎ𝑒𝑙𝑜𝑟𝑠].

Distilled Dataset. Each tuple generated in this manner is added to the distilled dataset 𝐷̂ . The
tuple distillation procedure repeats, generating new tuples while tracking the cumulative privacy
cost. Generation stops once the total privacy budget is exhausted. The resulting dataset 𝐷̂ is used
to train the student model.

Example 5.

Continuing the previous example, the tuple [30, 𝐵𝑎𝑐ℎ𝑒𝑙𝑜𝑟𝑠] is added to the distilled dataset 𝐷̂ .
The same procedure is repeated to generate additional tuples under the same schema until the
privacy budget is fully consumed.

Directly applying this procedure in a naïve manner would rapidly exhaust the privacy budget and
introduce noise-induced bias. In the remainder of this section, we describe the technical innovations
in Prism that enable efficient and private knowledge transfer via tuple distillation.
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5.2 Token Pruning with Tries
During tuple distillation, we query the teacher ensemble for the next token to iteratively form a tuple
sentence. Since each token query consumes DP budget, minimizing the number of queries allows
Prism to generate more tokens and distill more tuples under a fixed privacy budget. Prism reduces
the number of token queries in two ways. First, it queries only the value portion of a sentence.
Since only the value tokens are derived from sensitive data in the [attribute predicate value]
format, Prism appends the attribute predicate tokens during autoregressive generation without
querying the ensemble.
Second, Prism further minimizes the number of queries by short-circuiting the deterministic

token sequences. Specifically, for each attribute 𝐴𝑖 , a token trie [10] T𝑖 is built from the domain
of 𝐴𝑖 , which is a set of valid values specified by the schema. When generating a tuple sentence,
tries can enable deterministic completions. In such cases, Prism appends the rest of tokens to the
tuple sentence, which in this example saves three queries and the privacy cost. As a result, for
most categorical values, only a single teacher query is needed to resolve the value, even if it is
represented by multiple tokens. Conceptually, this trie-based pruning strategy builds on classical
database techniques for prefix-based enumeration and dependency discovery [49, 61, 72].

Example 6. Continuing the previous example. After the prompt is extended to “age is 30,
education is”, if the first token ba is selected by teacher voting, the trie uniquely determines
the remaining tokens che and lors, which are appended deterministically without further
teacher queries.

Furthermore, since each trie encodes all valid values for an attribute as sequences of tokens,
Prism leverages these tries to constrain token predictions from the teacher models, which effectively
prunes any out-of-domain token not found at the current trie node from the token histogram. By
pruning out-of-domain tokens, the trie enforces semantic validity and narrows the sampling space
to only valid tokens, which leads to more compact token histograms for subsequent sampling.

5.3 Data Dependent DP Mechanism
At each generation step, every teacher first votes for its most probable token. After being pruned
using the attribute-specific tries to remove out-of-domain tokens (§ 5.2), the votes are aggregated
into a count histogram {𝑐 [𝜏]}, where 𝑐 [𝜏] denotes the number of teachers voting for token 𝜏 . To
ensure differential privacy, we add calibrated noise to the aggregated token histogram {𝑐 [𝜏]} to
form a noisy one for subsequent filtering and sampling (§ 5.4).
However, naïvely applying the same noise level to all token histograms can lead to inefficient

use of the privacy budget [25]. We observe that when teachers’ votes are tightly concentrated on a
few tokens, a larger DP noise can be added without harming utility while consuming less privacy
budget; conversely, when votes are spread across many tokens, a smaller noise needs to be added
to preserve voting quality.

Motivated by this observation, Prism develops a data-dependent DP mechanism that adapts the
noise scale according to the range of the vote histogram 𝑟 = max𝜏 𝑐 [𝜏] −min𝜏 𝑐 [𝜏]. Specifically, for
each attribute 𝐴𝑖 , Prism keeps track of the minimum and maximum observed range (𝑟min, 𝑟max) of
all token histograms belonging to 𝐴𝑖 . Given the predefined minimum and maximum noise levels
for histogram perturbation (𝜎h

min, 𝜎
h
max), for a token histogram with range 𝑟 , Prism determines the

appropriate noise level 𝜎h via linear interpolation, i.e.,

𝜎h = 𝜎h
min +

𝜎h
max − 𝜎h

min
𝑟max − 𝑟min

× (𝑟 − 𝑟min). (1)
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Algorithm 4 GetAdaptiveNoise: Data-dependent noise scaling
Require: Raw vote histogram {𝑐 [𝜏]}, current minimum and maximum observed range (𝑟min, 𝑟max),

privacy accountant ADP
Require: Hyperparameters: minimum and maximum noise scales for histogram (𝜎h

min, 𝜎
h
max), noise

scale for range 𝜎r

Require: Sensitivity of the range query Δr = 2
1: procedure GetAdaptiveNoise({𝑐 [𝜏]}, (𝑟min, 𝑟max),ADP)
2: 𝑟 ← max𝜏 𝑐 [𝜏] −min𝜏 𝑐 [𝜏] ⊲ True vote range
3: 𝑟 ← 𝑟 + N(0, (𝜎r)2); A𝐷𝑃 .Step(𝜎r/Δr)
4: 𝑟 ← max(0,min(𝑟, 𝑘)) ⊲ Clip to valid range
5: if 𝑟min = ⊥ then 𝑟min ← 𝑟 end if

6: if 𝑟max = ⊥ then 𝑟max ← 𝑟 end if

7: 𝑟min ← min(𝑟min, 𝑟 ); 𝑟max ← max(𝑟max, 𝑟 )
8: if 𝑟min = 𝑟max then 𝜎h ← (𝜎h

min + 𝜎h
max)/2

9: else Sample 𝜎h based on Equation (1) end if

10: return (𝜎h, (𝑟min, 𝑟max))
11: end procedure

Equation (1) maps the current range 𝑟 ∈ [𝑟min, 𝑟max] to a 𝜎h ∈ [𝜎h
min, 𝜎

h
max]. Intuitively, a high-range

token histogram is added with larger noise to save privacy budget, whereas a low-range histogram
receives smaller noises for preserving utility.
The range 𝑟 itself is computed from the teachers’ vote counts and thus may reveal information

about the underlying private data distribution. For example, a very large range may indicate
that most teachers strongly agree on a particular token, revealing a strong consensus that could
indirectly leak information about patterns in the training data. To mitigate such leakage, Prism
treats the range as a differentially private quantity. Specifically, before using it to determine the
adaptive noise scale, we perturb the raw range 𝑟 with Gaussian noise N(0, (𝜎r)2), where 𝜎r is a
hyperparameter controlling the privacy level of this auxiliary query.
Using noisy range 𝑟 in place of the raw range ensures that even the adaptive noise selection

remains differentially private, thereby ensuring that the entire mechanism remains end-to-end
differentially private. Each query, including both the noisy range computation and the histogram
perturbation, is recorded by a shared privacy accountant, which tracks the cumulative privacy loss
and ensures that it remains below the target budget (𝜖, 𝛿). We will show a rigorous proof of end-to-
end differential privacy in §6. Conceptually, this adaptive noise bounding strategy follows prior
work on data-dependent differential privacy in the database community, where private statistics
are used to modulate noise while preserving end-to-end DP guarantees [35, 50, 59].

Example 7. Continuing the running example, suppose that teacher votes for the attribute age
are highly concentrated on a single token (e.g., “3”), resulting in a large vote range. According
to Equation (1), this large range leads to a larger noise scale being assigned to the histogram,
which preserves utility while reducing privacy budget consumption.

Algorithm Details. Algorithm 4 describes our proposed data-dependent DP mechanism. Given
the raw vote histogram {𝑐 [𝜏]}, current minimum and maximum observed range (𝑟min, 𝑟max) and
the predefined minimum and maximum noise scales for histogram perturbation (𝜎h

min, 𝜎
h
max), the

algorithm first computes the true vote range 𝑟 from the histogram and then perturbs it with
Gaussian noiseN(0, (𝜎r)2) to obtain a differentially private range 𝑟 (Line 3). The privacy accountant
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records this range query (Line 3) with a sensitivity of Δr = 2. Finally, the algorithm applies linear
interpolation between (𝜎min, 𝜎max) according to 𝑟 to determine the appropriate noise level 𝜎h

(Lines 8–9), which will later be used for adding DP noise to the teachers’ aggregated votes.

5.4 Probabilistic Sampling with Threshold Filtering
After the noisy token histogram is formed, Prism prunes the histogram by removing tokens with
low consensus. In particular, the added noise for privacy can cause tokens with zero votes to receive
non-zero noisy counts. To mitigate this, Prism filters any token whose noisy vote count falls below
a threshold 𝜃 . Although Gaussian noise is two-sided and can push small counts above the threshold
or large counts below it, we can use Lemma 1 to bound the probability of such filtering errors.

Lemma 1 (Filtering Error). For any token 𝜏 with true and noisy vote counts 𝑐 and 𝑐 respectively,

given the filtering threshold 𝜃 , the probability of filtering error is:

Pr(error) =


1 − Φ
(
𝜃−𝑐
𝜎

)
, 𝑐 < 𝜃, 𝑐 > 𝜃,

Φ
(
𝜃−𝑐
𝜎

)
, 𝑐 > 𝜃, 𝑐 < 𝜃 .

(2)

where Φ(·) is the CDF of the standard normal, and 𝜎 is the standard deviation of the Gaussian

distribution used to generate the noisy counts (i.e., 𝑐 = 𝑐 + N(0, 𝜎2)). A false positive occurs when

𝑐 < 𝜃 but 𝑐 > 𝜃 , i.e., 𝜏 should be filtered but is not. A false negative occurs when 𝑐 > 𝜃 but 𝑐 < 𝜃 , i.e., 𝜏

is filtered but should not be.

Proof. For any token 𝜏 , let 𝑐 and 𝑐 represent its true and noisy vote counts, respectively. Recall
that 𝑐 = 𝑐 + N(0, 𝜎2), a random variable 𝑋 = 𝑐−𝑐

𝜎
has a distribution of standard Gaussian, i.e.,

𝑋 ∼ N(0, 1). Let Φ(·) be the CDF of 𝑋 . Given the threshold 𝜃 ,
Case 1: False positive. If 𝑐 < 𝜃 and 𝑐 > 𝜃 ,

Pr(𝑐 > 𝜃 ) = Pr(𝑐 − 𝑐
𝜎

>
𝜃 − 𝑐
𝜎
) = Pr(𝑋 >

𝜃 − 𝑐
𝜎
) = 1 − Φ(𝜃 − 𝑐

𝜎
)

Case 2: False negative. If 𝑐 > 𝜃 and 𝑐 < 𝜃 ,

Pr(𝑐 < 𝜃 ) = Pr(𝑐 − 𝑐
𝜎

<
𝜃 − 𝑐
𝜎
) = Pr(𝑋 <

𝜃 − 𝑐
𝜎
) = Φ(𝜃 − 𝑐

𝜎
)

Therefore, Equation (2) holds. □

Empirically, we set the filtering threshold 𝜃 = 2𝜎h. For example, if a token has no vote (i.e., 𝑐 = 0),
then the probability of being included in sampling is very small (i.e., Pr(𝑐 > 2𝜎h | 𝑐 = 0) = 0.0228);
on the other hand, if it has reasonable vote count (e.g., 𝑐 = 4𝜎h), then the probability of keeping
it for sampling is large (i.e., Pr(𝑐 > 2𝜎h | 𝑐 = 4𝜎h) = 0.9772). Unlike other works [19, 103], our
threshold filtering step applies to the noisy counts as a post-processing step, and hence it does not
spend the privacy budget. As we will show in § 7, it effectively ensures that the selected token
remains closely consistent with the true data.
Finally, Prism selects the next token through probabilistic sampling, normalizing the token

histogram instead of deterministically choosing the token with the highest vote count as in the PATE
framework (§ 2). This strategy mitigates bias towards the most frequent values when generating the
distilled data. We will empirically demonstrate its effectiveness in § 7. Conceptually, probabilistic
sampling and threshold filtering parallel database methods used for sampling-driven approximate
query processing [15, 40].
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Algorithm 5 Distill: Token-wise aggregation from teacher ensemble with DP-adaptive noise

Require: Teacher models
{
𝑀1,· · · ,𝑘

}
, DP budget (𝜖, 𝛿), Schema 𝑅 =

[(𝐴1, 𝐷𝑜𝑚𝐴1 ), . . . , (𝐴 |𝑅 | , 𝐷𝑜𝑚𝐴|𝑅 | )], where 𝐴𝑖 is the 𝑖-th attribute and 𝐷𝑜𝑚𝐴𝑖
its domain

Require: Sensitivity of the histogram perturbation Δh =
√

2
1: procedure Distill(

{
𝑀1,· · · ,𝑘

}
, 𝑅, (𝜖, 𝛿))

2: Initialize accountant ADP with (𝜖, 𝛿); 𝐷̂ ← ∅
3: for 𝐴𝑖 ∈ 𝑅 do

4: 𝑟min [𝐴𝑖 ], 𝑟max [𝐴𝑖 ] ← ⊥; T𝐴𝑖
←BuildTrie(𝐷𝑜𝑚𝐴𝑖

)
5: end for

6: while ¬ADP.IsExhausted() do
7: 𝑡 ← ⟨⟩ ⊲ Initialize an empty tuple
8: for 𝐴𝑖 ∈ 𝑅 do

9: Construct prompt based on previous columns
10: node← T𝐴𝑖

.root; valueTokens← []
11: while node not leaf do
12: if |node.children| = 1 then

13: 𝜏∗ ← sole child; append to valueTokens

14: node← node.children[𝜏∗]
15: continue

16: end if

17: Query each𝑀𝑖 ∈
{
𝑀1,· · · ,𝑘

}
with prompt;

18: Aggregate teacher votes 𝑐 [𝜏] for each token 𝜏 ∈ node.children to obtain the vote
histogram {𝑐 [𝜏]}

19: (𝜎h, (𝑟min [𝐴𝑖 ], 𝑟max [𝐴𝑖 ])) ←GetAdaptiveNoise({𝑐 [𝜏]}, (𝑟min [𝐴𝑖 ], 𝑟max [𝐴𝑖 ]),ADP)
⊲ Algorithm 4

20: 𝑐 [𝜏] ← [𝑐 [𝜏] + N (0, (𝜎h)2)]+ for each token 𝜏
21: ADP .Step(𝜎h/Δh)
22: Set 𝑐 [𝜏] ← 0 if 𝑐 [𝜏] < 2𝜎h for each token 𝜏
23: Sample 𝜏∗∼Categorical(𝑐 [𝜏]/∑𝜏 ′ 𝑐 [𝜏 ′])
24: Append 𝜏∗ to valueTokens

25: node← node.children[𝜏∗]
26: end while

27: 𝑡 [𝐴𝑖 ] ←Detokenize(valueTokens)
28: end for

29: 𝐷̂ ← 𝐷̂ ∪ {𝑡}
30: end while

31: return 𝐷̂

32: end procedure

Example 8. Continuing the running example, assume that at a certain generation step, no
teacher predicts the token “high”. After adding Gaussian noise, this token may obtain a small
positive noisy count. If the noisy count is below the threshold 2𝜎h, the token is filtered out and
excluded from sampling. In contrast, tokens such as “ba”, which receive sufficient support, are
retained and sampled probabilistically.
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Algorithm Details. Algorithm 5 describes the complete tuple distillation procedure, which integrates
the three key innovations introduced in the previous subsections: token pruning with tries (§ 5.2),
data-dependent DP noise (§ 5.3), and probabilistic sampling with threshold filtering (§ 5.4). Together,
these components enable Prism to efficiently transfer knowledge from the teacher ensemble to the
distilled dataset 𝐷̂ under the target privacy budget (𝜖, 𝛿).
The algorithm synthesizes tuples token-by-token while tracking the cumulative privacy cost

using a privacy accountantADP. For each attribute𝐴𝑖 in the schema 𝑅, a trie T𝐴𝑖
is constructed from

its domain 𝐷𝑜𝑚𝐴𝑖
to encode all valid token sequences (Line 4), enabling pruning of out-of-domain

tokens and deterministic completions. During tuple generation, Prism iterates over attributes in
schema order (Line 8) and constructs a prompt representing the partially generated tuple (Line 9).
Within each attribute, the trie guides token-level generation. If the current node has only one

child, a deterministic completion is performed without querying the teacher ensemble (Lines 12–16),
reducing both query cost for efficiency and privacy cost for better budget usage. Otherwise, Prism
queries all teacher models with the current prompt and aggregates teacher votes 𝑐 [𝜏] for each token
𝜏 in the current trie node’s children to obtain the vote histogram {𝑐 [𝜏]} (Lines 17–18), effectively
pruning out-of-domain tokens.
Next, Prism applies the data-dependent DP mechanism described in § 5.3. Specifically, it deter-

mines an adaptive noise scale 𝜎h based on the current vote range and the tracked minimum and
maximum observed ranges, and accounts for the privacy cost of this process through Algorithm 4
(invoked in Line 19). Gaussian noise with variance (𝜎h)2 is then added to each token count (Line 20),
and this perturbation step is recorded by the accountant with sensitivity Δh (Line 21). To further
avoid sampling spurious tokens caused by added noise, Prism performs threshold-based filtering,
setting noisy counts below 2𝜎h to zero (Line 22).
Finally, the remaining noisy histogram is normalized and used for probabilistic token selection

(Line 23). The selected token advances the trie traversal (Line 25), and once the attribute’s token
sequence is completed, it is detokenized into a textual value (Line 27). After all attributes are
generated, the completed tuple 𝑡 is appended to the distilled dataset 𝐷̂ (Line 29). The process repeats
until the privacy accountant signals that the total budget (𝜖, 𝛿) has been fully consumed (Line 31).

Overall, Algorithm 5 integrates trie-guided token pruning, adaptive noise scaling, and thresholded
sampling into a unified DP aggregation mechanism, enabling Prism to synthesize differentially
private tuples efficiently and effectively.

6 Data Privacy Analysis
This section presents a formal privacy analysis of Prism and establishes its end-to-end (𝜀, 𝛿)-
differential privacy guarantee. We begin by defining the analysis setting and introducing the Rényi
DP (RDP) framework [56] used for privacy accounting. We then bound the sensitivity of the released
statistics (§ 6.1), derive the per-round RDP cost and its adaptive composition across token-query
rounds (§ 6.2), and finally prove the differential privacy of both the tuple distillation mechanism
and the overall system (§ 6.3).

Settings. Let 𝐷 and 𝐷 ′ be neighboring datasets that differ in exactly one tuple. The private dataset
𝐷 is partitioned into 𝑘 disjoint subsets 𝐷𝑖 ∈

{
𝐷1,· · · ,𝑘

}
, each used to fine-tune a teacher model𝑀𝑖

from the pretrained base model𝑀0; hence modifying one tuple can affect at most one teacher. At
each token-query round 𝑡 ∈ {1, . . . , 𝑄}, the mechanism queries all 𝑘 teachers to obtain a trie-filtered
vote histogram 𝑐𝑡 (𝐷) = {𝑐𝑡 [𝜏]}𝜏∈V𝑡

∈ R |V𝑡 | , where each coordinate 𝑐𝑡 [𝜏] records the number of
teachers that vote for token 𝜏 in the valid token setV𝑡 .V𝑡 is determined by the public schema and
the previously released privatized outputs, and is therefore independent of the private dataset 𝐷 .
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At round 𝑡 , the mechanism releases two Gaussian-perturbed quantities:

𝑟𝑡 = 𝑟 (𝑐𝑡 ) + N
(
0, (𝜎r)2

)
, 𝑟 (𝑐𝑡 ) := max

𝜏
𝑐𝑡 [𝜏] −min

𝜏
𝑐𝑡 [𝜏], (3)

𝑐𝑡 [𝜏] = 𝑐𝑡 [𝜏] + N
(
0, (𝜎h

𝑡 )2
)
, ∀𝜏 ∈ V𝑡 , (4)

where 𝜎h
𝑡 is a deterministic function of the previously released privatized range history 𝐻𝑡 =

(𝑟1, . . . , 𝑟𝑡 ), as defined in §5.3.
Privacy Framework.We analyze privacy under the framework of RDP, which provides tighter
accounting for adaptive Gaussian releases. During distillation, RDP is used to accumulate the
privacy cost across token-query rounds until the target privacy budget is reached. Formally, if a
mechanism satisfies 𝜀RDP (𝛼)-RDP at order 𝛼 > 1, then it satisfies (𝜀, 𝛿)-DP for any 𝛿 ∈ (0, 1), where

(𝜀RDP (𝛼) + log(1/𝛿 )
𝛼−1 , 𝛿)-DP. (5)

For a Gaussian mechanism that releases 𝑓 (𝐷) + N (0, 𝜎2𝐼 ) with ℓ2 sensitivity Δ, the corresponding
RDP cost is

𝜀G (𝛼) =
𝛼 Δ2

2𝜎2 . (6)

6.1 Sensitivity Bounds
We characterize the sensitivity of the quantities released at each token-query round. These bounds
will be directly used in the following RDP analysis and composition.

Lemma 2 (Range sensitivity). For any neighboring 𝐷, 𝐷 ′ and any round 𝑡 ,
��𝑟 (𝑐𝑡 (𝐷)) −

𝑟 (𝑐𝑡 (𝐷 ′))
�� ≤ 2.

Proof. Disjoint teacher partitions imply that one tuple change affects at most one teacher’s
vote, changing both the max and the min by at most 1; hence the difference of their gap is at most
2. Since 𝑟 (·) outputs a scalar, its ℓ2 sensitivity equals this bound. □

Lemma 3 (Histogram ℓ2 sensitivity). For any neighboring 𝐷, 𝐷 ′ and any round 𝑡 , ∥𝑐𝑡 (𝐷) −
𝑐𝑡 (𝐷 ′)∥2 ≤

√
2.

Proof. Let 𝑒𝜏 be the standard basis vector for coordinate 𝜏 . One vote change yields Δ𝑐𝑡 of the
form 𝑒𝜏𝑏 − 𝑒𝜏𝑎 (valid→valid, norm

√
2), 𝑒𝜏𝑏 (invalid→valid, norm 1), or −𝑒𝜏𝑎 (valid→invalid, norm

1). The worst case is
√

2. □

6.2 Per-round and Composed RDP Analysis
Next, we analyze the privacy cost of each token-query round and then compose across rounds.
Per-round RDP under Adaptive Noise. Conditioning on the released privatized range history
𝐻𝑡 = (𝑟1, . . . , 𝑟𝑡 ), both 𝜎r and 𝜎h

𝑡 are deterministic constants. Hence, each release at round 𝑡 can be
analyzed as an independent Gaussian mechanism.

Proposition 1 (RDP of range release). Releasing 𝑟𝑡 in (3) satisfies 𝜀r (𝛼) = 2𝛼
(𝜎 r )2 .

Proof. By Lemma 2, the ℓ2 sensitivity is Δr = 2. Applying the Gaussian RDP formula (6) yields
the result. □

Proposition 2 (RDP of histogram release). Conditioned on 𝐻𝑡 , releasing 𝑐𝑡 in (4) satisfies
𝜀h
𝑡 (𝛼 | 𝐻𝑡 ) = 𝛼

(𝜎h
𝑡 )2

.
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Proof. By Lemma 3, the histogram sensitivity is Δh =
√

2. Since 𝜎h
𝑡 is fixed given 𝐻𝑡 , the RDP

cost is 𝛼 (
√

2)2
2(𝜎h

𝑡 )2
= 𝛼

(𝜎h
𝑡 )2

. □

Corollary 1 (Per-round composition). For any 𝐻𝑡 , the total RDP at round 𝑡 is 𝜀𝑡 (𝛼 | 𝐻𝑡 ) =
𝜀r (𝛼) + 𝜀h

𝑡 (𝛼 | 𝐻𝑡 ) = 2𝛼
(𝜎 r )2 +

𝛼

(𝜎h
𝑡 )2

.

Proof. RDP composes additively under adaptive dependence, because the histogram noise scale
𝜎h
𝑡 is a deterministic function of the privatized history 𝐻𝑡 , while the range noise 𝜎r is fixed. □

Remark 1 (Degenerate single-token rounds). If |V𝑡 | = 1, the vote histogram is deterministic from
the trie. The release of 𝑐𝑡 can be omitted (equivalently, 𝜎h

𝑡 = +∞ and 𝜎r = +∞), incurring no
additional privacy cost.

Composition Across Rounds. Having established the per-round privacy guarantees, we now
aggregate them over all𝑄 query rounds using adaptive composition of RDP. Let𝐻≤𝑄 = (𝐻1, . . . , 𝐻𝑄 )
denote the entire privatized history. By adaptive composition of RDP applied to Corollary 1, the
total RDP cost for 𝑄 rounds satisfies

𝜀
(𝑄 )
total (𝛼 | 𝐻≤𝑄 ) =

2𝑄𝛼
(𝜎r)2 +

𝑄∑︁
𝑡=1

𝛼

(𝜎h
𝑡 )2

. (7)

This bound holds for every privatized history 𝐻≤𝑄 , and therefore for all possible executions of the
mechanism.
Conversion to (𝜀, 𝛿)-DP. For any 𝛼 > 1 and 𝛿 ∈ (0, 1), the standard conversion (5) from RDP to
(𝜀, 𝛿)-DP gives

𝜀 (𝛿 | 𝐻≤𝑄 ) = 𝜀
(𝑄 )
total (𝛼 | 𝐻≤𝑄 ) +

log(1/𝛿)
𝛼 − 1

. (8)

6.3 End-to-End Privacy Guarantee
We now connect the per-round analysis to the overall privacy guarantee of both the distillation
mechanism and the complete workflow of Prism. The first theorem establishes that the distillation
process itself is differentially private, followed by a second theorem that extends this guarantee to
the full end-to-end system.

Theorem 1 (Differential privacy of the distillation mechanism of Prism). Given a privacy
budget (𝜀, 𝛿), ensemble size 𝑘 , pretrained base model 𝑀0, and training dataset 𝐷 , the distillation

mechanism of Prism, which queries 𝑘 teacher models over 𝑄 token-query rounds and releases a

privatized transcriptH = (𝑟1, 𝑐1, . . . , 𝑟𝑄 , 𝑐𝑄 ), satisfies (𝜀 (𝛿), 𝛿)-DP for the training dataset 𝐷 .
Proof. Consider the distillation mechanism of Prism that, at each round, queries all 𝑘 teachers

and accumulates privacy cost under RDP until the target budget is reached. Let 𝑄 denote the total
number of token-query rounds executed before the privacy budget is exhausted. By Corollary 1
and the adaptive composition rule of RDP, the overall mechanism satisfies 𝜀 (𝛼)-RDP, where 𝜀 (𝛼) is
defined in (7). Applying the standard conversion from RDP to (𝜀, 𝛿)-DP (8) yields that the transcript
H = (𝑟1, 𝑐1, . . . , 𝑟𝑄 , 𝑐𝑄 ) satisfies (𝜀 (𝛿), 𝛿)-differential privacy for the training dataset 𝐷 . □

Having established the privacy of the distillation mechanism, we show that the end-to-end
workflow of Algorithm 1 privately releases a synthetic dataset under (𝜀, 𝛿)-differential privacy.

Theorem 2 (Differential privacy of Prism). Given a privacy budget (𝜀, 𝛿), ensemble size 𝑘 , and

pretrained base model𝑀0, and training dataset 𝐷 , the randomized mechanism that maps a private

relational table 𝐷 to a synthetic dataset 𝐷̃ through the workflow in Algorithm 1 satisfies (𝜀, 𝛿)-DP.
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Table 1. Dataset details used in the experiments.

Dataset Cardinality # Num. Attr. # Cat. Attr.

Abalone [57] 4,177 8 1
Tax [17] 30,000 5 5
Adult [5] 32,561 3 11
Cardio [80] 70,000 5 7
Diabetes [14] 236,378 4 18

Proof. By Theorem 1, the distillation mechanism of Prism satisfies (𝜀 (𝛿), 𝛿)-differential privacy
for the training dataset 𝐷 , and produces a privatized transcriptH = (𝑟1, 𝑐1, . . . , 𝑟𝑄 , 𝑐𝑄 ). All subse-
quent operations in Algorithm 1, including thresholding, probabilistic sampling, detokenization,
student training, and synthetic data generation, depend solely on H . Since differential privacy
is preserved under arbitrary post-processing [22], these steps incur no additional privacy cost.
Therefore, the overall mechanism that maps the private dataset 𝐷 to the released synthetic dataset
𝐷̃ satisfies (𝜀 (𝛿), 𝛿)-differential privacy, completing the proof. □

7 Evaluation
7.1 Evaluation Setup

Datasets.We choose five benchmarking datasets: Abalone [57], Tax [17], Adult [5], Cardio [80],
and Diabetes [14], following prior work [12, 43, 55, 82, 84] to ensure fair comparison with existing
methods. These datasets cover a range of cardinalities up to 106, dimensionalities up to 22, and
diverse attribute types. Table 1 lists the details of the datasets used in our evaluation.
Baselines. We select eight state-of-the-art methods for differentially private relational data syn-
thesis, representing the major methodological families. 1 DP-LLM Full [97] and 2 DP-LLM LoRA
fine-tune LLMs using DP-SGD, applying full-parameter and low-rank adaptation [37], respectively.
3 PATE-CTGAN [43, 85] and 4 DP-CTGAN [84] are CTGAN [96]-based synthesizers that achieve
DP by PATE and DP-SGD, respectively. 5 P3GM [82] is a variational autoencoder trained with
DP-SGD, and 6 DP-TabDDPM is a diffusion-based synthesizer adapted from TabDDPM [47],
with DP-SGD in the training loop. 7 AIM [55] is a marginal-based solution using probabilistic
graphical models, and 8 PrivBayes [99] is a Bayesian network–based synthesizer that perturbs
low-dimensional marginals to ensure DP.
We emphasize that our goal is DP data synthesis via knowledge transfer from teacher models.

Without teacher signals, a pretrained LLM prompted only with schema cannot acquire dataset
information and therefore does not constitute a meaningful baseline. Moreover, DistilGPT2 is not
instruction-tuned and cannot generate complete tuples when prompted solely with the schema.
Evaluation Metrics. To standardize evaluation across datasets of different sizes, we uniformly
sample 2,000 tuples from the generated synthetic dataset and 2,000 tuples from the real dataset.
Following prior work [32], we train a suite of 9 classification models: Logistic Regression, Random
Forest, AdaBoost, Gradient Boosting, XGBoost, Decision Tree, Bernoulli Naive Bayes, Multi-Layer
Perceptron, and Bagging Classifier. For each classifier, we split the sampled synthetic tuples into
90% for training and split the sampled real tuples into 10% for testing (i.e., Train-on-Synthetic,
Test-on-Real [26]). We report accuracy, precision, recall, F1, AUROC, and AUPRC, averaged across
all 9 classifiers. All classifiers are implemented using the scikit-learn [64] and xgboost [16] libraries
with default hyperparameters. As a reference, we also report the performance of models trained
and tested on the true data, denoted as True.
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Table 2. Parameter settings and corresponding experiments.

Parameter Default Value Experiment

Privacy budget (𝜖, 𝛿 ) (6.8, 10−5 ) Exp. 5
Number of teachers 𝑘 1800 Exp. 8
Histogram noise scales (𝜎h

min, 𝜎
h
max ) (80, 130) Exp. 9

Range noise scale 𝜎 r 500 Exp. 10
RDP orders 𝛼 Opacus [18] default

Our work, together with most prior works in the literature [12, 43, 55, 82, 85, 99], focuses on
single-table data synthesis. These works likewise evaluate using single-table metrics, and our
evaluation follows this practice. Topics such as multi-table synthesis or foreign keys are important
but orthogonal to the scope.
Implementation Details. We implement Prism in PyTorch 2.4.1 with the Hugging Face trans-
formers library [28], and use the Opacus library [18] to account for DP cost [56]. Baseline codes are
adopted from dp-transformers package [39] ( 1 – 2 ), SmartNoise toolkit [86] ( 3 – 4 , 7 ), authors’
code ( 5 [81]– 6 [71]), and the DataSynthesizer package [66] ( 8 ). Models are trained with default
parameters, except that we fix random_state = 0 for reproducibility. DistilGPT2 [27] is used by
default for all LLMs. All experiments are conducted on a machine with 96× vCPUs, 1TB memory,
8× A100 GPUs. We report the mean and std of 3 independent runs.
Parameter Settings. Table 2 summarizes the default parameter configuration used in our exper-
iments and indicates which experiments vary each parameter. 1 We set the default DP budget
to 𝜖 = 6.8 and 𝛿 = 10−5, following prior work [97]. 2 The parameter 𝛼 is part of the RDP ac-
countant [56] rather than a model hyperparameter. We adopt the default configuration provided
by Opacus [18], namely DEFAULT_ALPHAS = [1 + x / 10.0 for x in range(1, 100)] +
list(range(12, 64)). 3 We set the number of teachers to 𝑘 = 1800 by default, following prior
works [88]. 4 The noise scales 𝜎h

min, 𝜎
h
max, and 𝜎r are practical settings guided by the ensemble

size 𝑘 . Specifically, 𝜎h
min and 𝜎h

max bound the amount of noise added to token histograms: they must
be small enough not to overwhelm the signal from 𝑘 teachers, yet sufficiently large to allow a
reasonable number of queries within the (𝜖, 𝛿) budget. Since vote counts are bounded by 𝑘 = 1800,
we set 𝜎h

min = 80, 𝜎h
max = 130, and 𝜎r = 500 for all datasets. We use a single hyperparameter

configuration across all datasets. The consistent performance observed across datasets indicates
that the gains of Prism arise from its design rather than hyperparameter adjustment.
Pretraining Exposure to Datasets. We argue that pretraining exposure to the benchmark tables
is unlikely. The backbone model DistilGPT2 [27] is pretrained on OpenWebTextCorpus [33], which
consists primarily of unstructured natural-language webpages. The benchmark datasets appear in
CSV or tabular form and are rarely embedded verbatim in web text; occasional isolated example
rows are insufficient for meaningful memorization. In addition, the Diabetes dataset [14] postdates
OpenWebText but Prism still outperforms the other baselines on this dataset. This observation
is also supported by Experiment 3, which shows that Prism continues to outperform non-LLM
baselines even without pretrained knowledge.

7.2 Evaluation

Experiment 1: End-to-End Comparison with Baselines. Table 3 shows the overall prediction
quality of training 9 classifiers on the synthetic data and evaluating on the true dataset. All methods
use the default DP budget (𝜖 = 6.8, 𝛿 = 10−5) to ensure fair comparisons. As Table 3 shows, Prism
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Table 3. Exp. 1: Evaluation of 9 classification models trained on synthetic and evaluated on the true dataset.

Prism outperforms baselines in almost all measurements, and is closest to the true reference.

Dataset Method F1 Accuracy Recall Precision AUROC AUPRC

Adult

True 0.8587±0.0015 0.8435±0.0027 0.8662±0.0011 0.8558±0.0015 0.8005±0.0053 0.8804±0.0038
DP-SGD Full 0.8036±0.0106 0.7903±0.0061 0.8589±0.0033 0.7745±0.0116 0.6807±0.0056 0.8020±0.0057
DP-SGD LoRA 0.7989±0.0084 0.7867±0.0053 0.8548±0.0048 0.7704±0.0088 0.6720±0.0081 0.7974±0.0049
DP-CTGAN 0.7272±0.0064 0.7212±0.0249 0.7682±0.0117 0.7570±0.0043 0.6528±0.0035 0.7754±0.0010
PATE-CTGAN 0.5499±0.0149 0.6113±0.0100 0.5676±0.0162 0.6410±0.0112 0.5199±0.0091 0.6644±0.0076
P3GM 0.1907±0.0394 0.4086±0.0223 0.1885±0.0568 0.2897±0.0143 0.4939±0.0146 0.6512±0.0143
DP-TabDDPM 0.5500±0.0275 0.5624±0.0200 0.6114±0.0567 0.5708±0.0057 0.5081±0.0098 0.6597±0.0098
AIM 0.7226±0.0093 0.7284±0.0132 0.7321±0.0126 0.7336±0.0076 0.6916±0.0003 0.8111±0.0039
PrivBayes 0.6861±0.0111 0.6807±0.0172 0.7089±0.0166 0.7281±0.0153 0.6780±0.0153 0.8040±0.0010
Prism 0.8222±0.0052 0.7873±0.0051 0.8696±0.0121 0.7870±0.0036 0.6941±0.0106 0.8172±0.0047

Tax

True 0.8223±0.0086 0.8768±0.0061 0.8095±0.0157 0.8575±0.0151 0.8951±0.0040 0.8665±0.0075
DP-SGD Full 0.5417±0.0106 0.6362±0.0073 0.5618±0.0147 0.5755±0.0128 0.6099±0.0134 0.6022±0.0149
DP-SGD LoRA 0.5555±0.0026 0.6612±0.0047 0.5819±0.0078 0.5724±0.0105 0.6427±0.0168 0.6108±0.0033
DP-CTGAN 0.4862±0.0798 0.5854±0.0278 0.5638±0.1685 0.4824±0.0307 0.5499±0.0376 0.5396±0.0296
PATE-CTGAN 0.2792±0.0181 0.5072±0.0104 0.3023±0.0245 0.3283±0.0153 0.5483±0.0146 0.5335±0.0161
P3GM 0.2177±0.0009 0.5047±0.0011 0.2540±0.0016 0.2765±0.0105 0.4966±0.0033 0.4860±0.0023
DP-TabDDPM 0.4340±0.0543 0.5313±0.0115 0.5018±0.0937 0.4976±0.0130 0.5423±0.0206 0.5222±0.0144
AIM 0.4105±0.0112 0.6003±0.0062 0.4189±0.0126 0.4271±0.0109 0.6526±0.0040 0.6414±0.0044
PrivBayes 0.3597±0.0011 0.6086±0.0096 0.3606±0.0119 0.3906±0.0079 0.6438±0.0041 0.6304±0.0043
Prism 0.5776±0.0076 0.6637±0.0119 0.5995±0.0011 0.5958±0.0099 0.6669±0.0148 0.6235±0.0174

Abalone

True 0.8988±0.0029 0.8797±0.0040 0.8910±0.0038 0.9189±0.0047 0.9184±0.0023 0.9426±0.0040
DP-SGD Full 0.6845±0.0022 0.6207±0.0055 0.8308±0.0108 0.6330±0.0062 0.5961±0.0197 0.7144±0.0115
DP-SGD LoRA 0.5811±0.0081 0.5726±0.0131 0.6742±0.0079 0.5873±0.0034 0.5937±0.0284 0.7300±0.0108
DP-CTGAN 0.7207±0.0138 0.6405±0.0143 0.8576±0.0091 0.6966±0.0164 0.6538±0.0035 0.7598±0.0065
PATE-CTGAN 0.7271±0.0052 0.6428±0.0049 0.8441±0.0083 0.6710±0.0132 0.6737±0.0139 0.7675±0.0110
P3GM 0.1190±0.0050 0.4167±0.0304 0.1299±0.0043 0.1679±0.0171 0.5169±0.0210 0.6814±0.0066
DP-TabDDPM 0.5772±0.0129 0.5566±0.0142 0.5262±0.0293 0.7526±0.0104 0.5723±0.0269 0.7259±0.0108
AIM 0.7386±0.0113 0.6481±0.0141 0.8080±0.0193 0.7105±0.0101 0.6405±0.0184 0.7635±0.0110
PrivBayes 0.5073±0.0058 0.5728±0.0006 0.5258±0.0012 0.6431±0.0085 0.6629±0.0281 0.7653±0.0205
Prism 0.6843±0.0152 0.6546±0.0121 0.6951±0.0168 0.7546±0.0103 0.6913±0.0156 0.7943±0.0128

Cardio

True 0.7635±0.0114 0.7994±0.0136 0.7909±0.0054 0.7437±0.0200 0.6490±0.0149 0.7784±0.0125
DP-SGD Full 0.7163±0.0022 0.7629±0.0022 0.7655±0.0066 0.6936±0.0100 0.5614±0.0085 0.7224±0.0025
DP-SGD LoRA 0.6980±0.0056 0.7679±0.0055 0.7464±0.0036 0.6906±0.0139 0.5168±0.0122 0.7089±0.0076
DP-CTGAN 0.6063±0.0120 0.6797±0.0120 0.6060±0.0060 0.6917±0.0159 0.5617±0.0148 0.7252±0.0070
PATE-CTGAN 0.7332±0.0049 0.7346±0.0048 0.8110±0.0153 0.6814±0.0078 0.4793±0.0147 0.6930±0.0033
P3GM 0.3516±0.0156 0.5287±0.0016 0.3492±0.0199 0.4580±0.0114 0.4751±0.0142 0.7074±0.0017
DP-TabDDPM 0.7332±0.0055 0.7563±0.0080 0.7725±0.0094 0.7149±0.0086 0.5768±0.0135 0.7364±0.0033
AIM 0.7275±0.0227 0.7637±0.0167 0.7851±0.0244 0.6979±0.0087 0.5841±0.0365 0.7389±0.0056
PrivBayes 0.7285±0.0030 0.7613±0.0015 0.7618±0.0194 0.7148±0.0159 0.5307±0.0002 0.7323±0.0155
Prism 0.7533±0.0049 0.7683±0.0030 0.7997±0.0099 0.7204±0.0035 0.5532±0.0018 0.7418±0.0032

Diabetes

True 0.8040±0.0056 0.7672±0.0059 0.8299±0.0053 0.7895±0.0074 0.6933±0.0134 0.8308±0.0072
DP-SGD Full 0.7864±0.0022 0.7452±0.0007 0.8334±0.0013 0.7551±0.0031 0.6022±0.0149 0.7845±0.0034
DP-SGD LoRA 0.7899±0.0003 0.7479±0.0042 0.8392±0.0001 0.7567±0.0022 0.6216±0.0139 0.7906±0.0039
DP-CTGAN 0.7576±0.0073 0.7208±0.0080 0.7897±0.0058 0.7580±0.0107 0.5499±0.0086 0.7686±0.0093
PATE-CTGAN 0.7868±0.0000 0.7260±0.0017 0.8668±0.0055 0.7333±0.0015 0.5325±0.0065 0.7474±0.0002
P3GM 0.5866±0.0105 0.6174±0.0096 0.5786±0.0144 0.6441±0.0121 0.5007±0.0134 0.7438±0.0099
DP-TabDDPM 0.7019±0.0086 0.6846±0.0078 0.7064±0.0093 0.7589±0.0110 0.5709±0.0101 0.7718±0.0087
AIM 0.7910±0.0042 0.7526±0.0057 0.8176±0.0007 0.7755±0.0135 0.6451±0.0150 0.8097±0.0066
PrivBayes 0.7370±0.0016 0.7297±0.0029 0.7570±0.0057 0.7597±0.0069 0.6433±0.0029 0.8078±0.0004
Prism 0.7939±0.0042 0.7550±0.0020 0.8069±0.0104 0.7934±0.0043 0.6066±0.0110 0.8103±0.0042

outperforms all baselines in almost all metrics across all benchmarking datasets. Notably, it consis-
tently achieves the highest AUROC and AUPRC scores across almost all datasets, demonstrating
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Table 4. Exp. 2: Ablation study of Prism’s components on Adult: token pruning (§ 5.2), data-dependent DP

(§ 5.3), and probabilistic sampling with threshold filtering (§ 5.4).

Method F1 Accuracy Recall Precision AUROC AUPRC

Prism w/o data-dep. DP 0.8189±0.00 0.7818±0.00 0.8655±0.00 0.7843±0.00 0.6934±0.00 0.8162±0.00
Prism w/o prb. smp. thr. flt. 0.8206±0.00 0.7749±0.00 0.9192±0.00 0.7580±0.00 0.6726±0.00 0.7932±0.00
Prism w/o token pruning 0.8141±0.00 0.7819±0.01 0.8642±0.00 0.7772±0.01 0.6884±0.01 0.8135±0.00
Prism 0.8222±0.01 0.7873±0.01 0.8696±0.01 0.7870±0.00 0.6941±0.01 0.8172±0.00

Table 5. Exp. 3: Comparison of Prism with Prism using the randomly initialized LLM using the Adult dataset.

Method F1 Accuracy Recall Precision AUROC AUPRC

Prism w/ rand-init LLM 0.7988±0.01 0.7599±0.01 0.8557±0.01 0.7568±0.00 0.6748±0.01 0.7923±0.01
Prism 0.8222±0.01 0.7873±0.01 0.8696±0.01 0.7870±0.00 0.6941±0.01 0.8172±0.00

superior preservation of class ranking and separability for downstream tasks. Furthermore, Prism’s
results are closest to the true reference, showing the high utility of the produced synthetic data.
Experiment 2: Ablation Study of Prism Components. Table 4 presents an ablation study
evaluating the contribution of each core technique (§ 5). We observe consistent trends across
datasets and hence report only Adult as a representative example for the rest.

As shown in Table 4, each component individually contributes to the overall predictive quality,
and their combination in Prism yields the strongest performance across all metrics. Among the
components, replacing probabilistic sampling and threshold filtering with PATE’s noisy max-vote
aggregation leads to the most significant degradation, which performs worst in 4 out of 6 metrics.
However, this variant achieves the highest recall (i.e., 0.9192) because deterministically selecting the
max-vote token at each step causes the model to over-predict frequent values, artificially boosting
recall while hurting ranking-based metrics like AUROC and AUPRC.
Experiment 3: Impact of Pretrained Knowledge. This experiment aims to support our claim in
§ 1 that pretrained LLMs benefit data synthesis with prior knowledge and strong model capacity.

We disentangle the contribution of pretrained knowledge from that of our tuple distillation mech-
anism by constructing a variant, Prism w/ rand-init LLM, which removes pretrained knowledge by
replacing Prism’s pretrained DistilGPT2 with a randomly initialized LLM of identical architecture.
As shown in Table 5, Prism outperforms Prism w/ rand-init LLM, demonstrating the substantial
contribution of pretrained knowledge.
Experiment 4: Effectiveness of Teacher-Student Knowledge Transfer.

Prism transfers knowledge from the teacher ensemble to the student by privately distilling a small
set of tuples 𝐷̂ , which is then used to train the student model to produce 𝐷̃ . Although |𝐷̂ | < |𝐷 |, the
distilled set satisfies differential privacy and could, in principle, be used directly as the final output.
We construct two variants: Prism teacher, which directly returns 𝐷̂ , and Prism teacher-sampling,
which returns 𝐷̃ by sampling from 𝐷̂ with replacement to match the original dataset size such that
|𝐷̃ | = |𝐷 |.
As shown in Table 6, Prism performs on par with Prism teacher, showing successful knowledge

transfer. Prism outperforms Prism teacher-sampling, indicating better generalization. Specifically,
out of the 32,561 tuples in the synthetic dataset, Prism produces 29,035 unique tuples, while
Prism teacher-sampling only generates 501 unique tuples with less diversity.
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Table 6. Exp. 4: Comparison of alternative knowledge transfer methods on Adult: Prism teacher directly

outputs distilled tuples, and Prism teacher-sampling samples from distilled tuples with replacement.

Method F1 Accuracy Recall Precision AUROC AUPRC

True 0.8587±0.00 0.8435±0.00 0.8662±0.00 0.8558±0.00 0.8005±0.01 0.8804±0.00
Prism teacher 0.8295±0.00 0.7944±0.01 0.8793±0.01 0.7925±0.00 0.7046±0.01 0.8227±0.01
Prism teacher-sampling 0.8221±0.00 0.7837±0.00 0.8747±0.00 0.7829±0.00 0.6826±0.00 0.8123±0.00
Prism 0.8222±0.01 0.7873±0.01 0.8696±0.01 0.7870±0.00 0.6941±0.01 0.8172±0.00
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Fig. 2. Exp. 5: Comparison of Prism with baselines at 𝜖 ∈ {1.0, 3.2, 6.8, 10.0} on Adult.

Table 7. Exp. 6: Impact of base LLMs on the Adult dataset.

Base Model F1 Accuracy Recall Precision AUROC AUPRC

True 0.8587±0.00 0.8435±0.00 0.8662±0.00 0.8558±0.00 0.8005±0.01 0.8804±0.00
GPT2 0.8232±0.01 0.7890±0.00 0.8681±0.01 0.7880±0.00 0.7078±0.00 0.8220±0.00
DistilGPT2 0.8222±0.01 0.7873±0.01 0.8696±0.01 0.7870±0.00 0.6941±0.01 0.8172±0.00
GPT-Neo 0.8167±0.00 0.7835±0.00 0.8670±0.00 0.7782±0.01 0.6934±0.00 0.8090±0.00

Table 8. Exp. 7: Comparison of Prism with and without noise adding on the Adult dataset.

Method F1 Accuracy Recall Precision AUROC AUPRC

True 0.8587±0.00 0.8435±0.00 0.8662±0.00 0.8558±0.00 0.8005±0.01 0.8804±0.00
Prism w/o DP 0.8169±0.01 0.7972±0.00 0.8448±0.01 0.7950±0.01 0.7098±0.01 0.8194±0.00
Prism 0.8222±0.01 0.7873±0.01 0.8696±0.01 0.7870±0.00 0.6941±0.01 0.8172±0.00

Experiment 5: Varying DP Budgets. Figure 2 reports results under DP budgets 𝜖 ∈
{1.0, 3.2, 6.8, 10.0} on the Adult dataset.
This experiment demonstrates the privacy–utility trade-off: smaller 𝜖 enforces stronger privacy

at the cost of reduced utility, whereas larger 𝜖 relaxes privacy and improves utility. Across all
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Table 9. Exp. 8: Comparison of Prism using different number of teachers on the Adult dataset.

# Teachers F1 Accuracy Recall Precision AUROC AUPRC

True 0.8587±0.00 0.8435±0.00 0.8662±0.00 0.8558±0.00 0.8005±0.01 0.8804±0.00
600 0.8145±0.01 0.7944±0.00 0.8403±0.01 0.8001±0.00 0.7209±0.00 0.8286±0.00
1000 0.8268±0.00 0.7938±0.00 0.8635±0.01 0.8004±0.00 0.7156±0.00 0.8277±0.00
1400 0.8237±0.00 0.7889±0.01 0.8685±0.00 0.7914±0.00 0.7031±0.00 0.8187±0.01
1800 0.8222±0.01 0.7873±0.01 0.8696±0.01 0.7870±0.00 0.6941±0.01 0.8172±0.00
2200 0.8164±0.00 0.7833±0.00 0.8626±0.00 0.7813±0.00 0.6940±0.00 0.8129±0.00

Table 10. Exp. 9: Comparison of Prism under different values of 𝜎r
on the Adult dataset.

𝜎 r F1 Accuracy Recall Precision AUROC AUPRC

True 0.8587±0.00 0.8435±0.00 0.8662±0.00 0.8558±0.00 0.8005±0.01 0.8804±0.00
200 0.8170±0.00 0.7810±0.00 0.8624±0.01 0.7832±0.00 0.6935±0.00 0.8127±0.00
500 0.8222±0.01 0.7873±0.01 0.8696±0.01 0.7870±0.00 0.6941±0.01 0.8172±0.00
800 0.8208±0.00 0.7846±0.00 0.8658±0.00 0.7866±0.00 0.6929±0.01 0.8181±0.01
1100 0.8190±0.00 0.7844±0.00 0.8700±0.00 0.7796±0.01 0.6861±0.01 0.8123±0.00

privacy levels and metrics, Prism consistently achieves the best or near-best utility. Notably, even
under the strictest setting of 𝜖 = 1.0, Prism outperforms all baselines, which implies its utility in
high-privacy regimes. As 𝜖 increases, while the performance of all models improves, Prism remains
consistently at or near the top across all metrics. This set of experiments demonstrates Prism’s
robustness under different privacy budgets.
Experiment 6: Varying LLMs. Table 7 evaluates the impact of different language model backbones
in Prism, including DistilGPT2 [27], GPT2 [68], and GPT-Neo 125M [7], in increasing order of
model parameters. All models are trained under the default privacy budget on the Adult dataset.
Comparing Prism using DistilGPT2 with GPT2, Table 7 shows that the predictive utility of the

synthetic data increases with more powerful LLMs. This, in addition to Experiment 3, supports the
claim from § 1 that pretrained LLMs can bring rich prior knowledge and offer strong representational
capacity to model complex correlations. Notably, although Prism with GPT-Neo 125M shows lowest
scores, it still outperforms all non-Prism baselines across all metrics (Table 3). This demonstrates
that Prism’s sampling and aggregation pipeline remains effective even with less-capable LLMs.
Experiment 7: Impact of Noise on Aggregation. This experiment evaluates how DP affects
predictive utility in Prism. We compare Prism with default DP budget to a variant that omits noise
when constructing token histograms, denoted as Prism w/o DP.

As shown in Table 8, Prism w/o DP achieves results very close to the default Prism, which
suggests that Prism maintains strong utility even when a reasonable amount of noise is applied.
Experiment 8: Varying the Number of Teachers. This experiment evaluates how the number
of teacher LLMs in the ensemble affects predictive utility. Given a dataset 𝐷 and 𝑘 teacher models,
each teacher is trained on a partition of approximately

⌊
|𝐷 |
𝑘

⌋
tuples. A smaller 𝑘 increases the

maximum possible vote per token, but with the same noise scale, this results in higher perturbation,
potentially masking the true signal. Conversely, a larger 𝑘 reduces the data per teacher, weakening
their individual predictive quality.
Table 9 reports Prism’s utility across varying teacher counts 𝑘 ∈ {600, 1000, 1400, 1800, 2200}.

We observe a sweet spot; for example, 1000 teachers yield the best overall F1 (0.8268), while 1800
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Table 11. Exp. 10: Comparison of Prism under different histogram noise scales (𝜎h
min, 𝜎

h
max) on the Adult

dataset.

(𝜎h
min, 𝜎

h
max ) F1 Accuracy Recall Precision AUROC AUPRC

True 0.8587±0.00 0.8435±0.00 0.8662±0.00 0.8558±0.00 0.8005±0.01 0.8804±0.00
(40, 90) 0.8082±0.00 0.7860±0.00 0.8436±0.00 0.7795±0.00 0.6942±0.01 0.8131±0.00
(80, 130) 0.8222±0.01 0.7873±0.01 0.8696±0.01 0.7870±0.00 0.6941±0.01 0.8172±0.00
(120, 170) 0.8242±0.00 0.7895±0.00 0.8740±0.01 0.7868±0.01 0.7126±0.01 0.8157±0.00
(160, 210) 0.8168±0.01 0.7868±0.01 0.8571±0.00 0.7861±0.01 0.6912±0.01 0.8169±0.00
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Fig. 3. Exp. 11: Runtime evaluation using Adult. (a) The most time-consuming step is teacher model fine-

tuning, particularly as the number of teachers increases. (Step 1: fine-tuning teachers; Step 2: tuple distillation;

Step 3: fine-tuning student and data synthesis). (b) Prism offers better utility at the cost of longer runtime.

Table 12. Exp. 12: Comparison with Kamino with zero violations to the two denial constraints [32] on the

Adult dataset.

Method F1 Accuracy Recall Precision AUROC AUPRC

Kamino 0.7385±0.00 0.7222±0.00 0.7276±0.00 0.7712±0.00 0.6474±0.00 0.7806±0.00
Prism Kamino 0.7982±0.03 0.7719±0.02 0.8309±0.04 0.7872±0.00 0.6830±0.00 0.8023±0.01

teachers achieve the highest recall (0.8696). These results suggest that moderate ensemble sizes
(e.g., 600–1000) offer the best balance between privacy and teacher quality.
Experiment 9: Different Range Noise Scales 𝜎r

. Table 10 reports results under different values
of the range-noise parameter 𝜎r ∈ {200, 500, 800, 1100} on the Adult dataset.

We observe that moderate values of 𝜎r (i.e., 𝜎r ∈ {500, 800}) lead to the best overall utility across
most metrics. Smaller values incur higher privacy budget consumption at the range-query stage,
while larger values introduce excessive noise into the range estimate.
Experiment 10: Different Histogram Noise Scales (𝜎h

min, 𝜎
h
max). Table 11 reports results under

different histogram noise scale ranges (𝜎h
min, 𝜎

h
max) ∈ {(40, 90), (80, 130), (120, 170), (160, 210)}.

We observe that moderate noise ranges (i.e., (80, 130) and (120, 170)) achieve the best overall
performance across most metrics. Smaller noise ranges consume more privacy budget per query
and therefore limit the number of tuples, while larger noise ranges introduce excessive perturbation,
leading to degraded utility.
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Experiment 11: Comparison on Efficiency. We evaluate the computational efficiency of Prism
and analyze how its runtime varies with the number of teacher models. Figure 3a shows the
runtime breakdown of Prism across its three main stages: teacher model fine-tuning (Step 1), tuple
distillation (Step 2), and student model fine-tuning and data synthesis (Step 3), under different
numbers of teachers. From Figure 3a, we observe that Step 1 (teacher fine-tuning) dominates the
total runtime, and the cost increases nearly linearly with the number of teachers. Using 600 teachers
reduces the total runtime to about half that of 1800 teachers (4.1h vs. 8.8h), while maintaining
nearly identical utility, shown in Table 9.
Figure 3b compares the end-to-end runtime of Prism with existing baseline methods on the

Adult dataset under the same privacy budget. As shown in Figure 3b, Prism requires longer runtime
than lightweight methods, yet consistently achieves higher downstream utility (Table 3), indicating
a favorable trade-off between computational cost and synthetic data quality.

Experiment 12: Comparison with Kamino. Relational data has structures, such as correlations
and dependencies across tuples. Kamino [32] is a prior approach that generates differentially private
synthetic data while preserving such structural constraints. It employs a sampling method that
rejects values violating hard constraints. In Prism, we incorporate a similar constraint-aware
sampling strategy as a byproduct of building tries, which help identify constraint-compliant tokens
during token histogram generations.

Table 12 compares Prism and Kamino on downstream classification tasks under two hard denial
constraints, such as one constraint enforces a functional dependency between education level and
education number (i.e., ¬(𝑡𝑖 [edu] = 𝑡 𝑗 [edu] ∧ 𝑡𝑖 [edu_num] ≠ 𝑡 𝑗 [edu_num])). Prism outperforms
Kamino across all metrics, achieving higher F1 (0.7982 vs. 0.7385), accuracy (0.7719 vs. 0.7222), and
recall (0.8309 vs. 0.7276), while maintaining zero constraint violations in both methods.

8 Related Work

Relational Data Synthesis with Differential Privacy. There is a rich body of literature on
releasing differentially private tabular data [9, 38, 102]. Broadly, existing methods can be categorized
into three groups based on the type of generative models they employ.

The first category leverages probabilistic graphical models [46] such as Bayesian networks [99]
and Markov random fields [12], to estimate tuple distributions. Due to 1) the limited representa-
tional power of statistical models, and 2) the curse of dimensionality when enforcing differential
privacy [24], these methods typically estimate low-dimensional marginal distributions under DP
and reconstruct the high-dimensional joint distribution [55]. Approaches in this category are
generally efficient and highly interpretable.
The second category employs deep generative models such as GANs [96], autoencoders [82],

and diffusion models [52, 75], to improve representational capacity. With advances in differen-
tially private training methods such as privacy accounting [56], deep generative models can be
trained while satisfying DP [2]. However, these models often need to learn both meaningful tuple
representations and model parameters simultaneously, at the cost of privacy.
The third and most recent category utilizes transformer-based pretrained LLMs to address the

limitations of earlier approaches. However, their complexity poses challenges for standard training
techniques with differential privacy [97]; for instance, applying off-the-shelf DP methods like DP-
SGD [2] and parameter-efficient methods like LoRA [37] to fine-tune LLMs distorts the information
encoded in LLMs and leads to suboptimal utility.
Our work falls into the third category, presenting a practical framework that preserves the

benefits of LLMs while achieving DP.
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Privacy Definitions and Evaluations for Relational Data Synthesis. A variety of privacy
definitions and evaluation metrics have been proposed for relational data synthesis, including
k-anonymity [74], l-diversity [53], t-closeness [51], and empirical metrics such as distance to the
closest record (DCR) and membership inferences [78]. Most existing LLM-based relational data
synthesis methods rely on empirical post-evaluations of privacy rather than proactively offering
formal guarantees. For example, GReaT [8], REaLTabFormer [79], and TAPTAP [100] assess privacy
using DCR, while more recently, HARMONIC [94] extends this approach by introducing an ad-hoc
data leakage test. Rather than seeking empirical or heuristic privacy, Prism is designed to guarantee
DP [22, 25], which offers provable, composable, and quantifiable guarantees for data privacy.
DP for machine learning models can be achieved through two main paradigms. The first is

DP-SGD [2]. To the best of our knowledge, all prior work that employs language models for
relational data, such as DP-TBART [13], SynLM [73], and DP-LLMTGen [90], falls into this category.
The second paradigm is PATE [62]. Although PATE has been explored in the context of data
synthesis such as PATE-GAN [43], extending it to LLMs introduces challenges. To the best of our
understanding, Prism is the first approach to leverage PATE with LLMs for relational data synthesis.

9 Conclusion
We presented Prism, a differentially private framework for relational data synthesis with large
language models via tuple distillation. By leveraging output perturbation rather than direct model
perturbation, Prism makes PATE-style private aggregation practical for autoregressive synthesis of
structured relational data. Extensive experiments demonstrate that Prism achieves substantially
stronger predictive utility than eight state-of-the-art methods under the same privacy budget. Our
results highlight the effectiveness of the proposed approach and point to a promising direction for
private relational data synthesis using LLMs.
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