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Abstract

Large language models (LLMs) are increas-
ingly used to generate synthetic data, in which
tabular data constitute a fundamental data
modality across a wide range of domains. Yet,
current evaluation practices often provide lim-
ited insights into whether the synthetic data pre-
serve real data-generating relationships or in-
troduce plausible-looking artifacts. We present
a conceptually simple, interpretable auditing
framework that compares the explanatory struc-
ture induced by real versus synthetic data. The
key idea is to use a transparent rule-based
model as a shared explanatory language: we
extract rules from real data to summarize how
features relate to labels, then examine how
this rule structure changes when explained us-
ing LLM-generated data. Importantly, these
rules are derived by an independent rule auditor
rather than by the generator itself. The resulting
“explanation shift” reveals which relationships
are preserved, weakened, removed, or newly in-
troduced by the generator, offering actionable
diagnostics beyond aggregate fidelity scores.
We further provide a theoretical perspective
that links explanation shift and cross-domain
predictive gaps to distribution mismatch within
an interpretable hypothesis class. Overall, our
approach turns synthetic data evaluation into a
human-auditable comparison of explanations,
improving transparency for LLM-based tabular
synthesis.

1 Introduction

Tabular data are widely used across high-stakes
domains, such as healthcare, finance, energy sys-
tems, and public policy (Giuffre and Shung, 2023;
Shwartz-Ziv and Armon, 2022). Yet, access to high-
quality tabular datasets is frequently constrained by
privacy regulations, limited sample sizes, data miss-
ing, demographic imbalance, and organizational
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barriers to data sharing (Fonseca and Bacao, 2023).
As a result, synthetic data generation has become
a widely used approach for mitigating data access
constraints and enabling model development and
benchmarking (Miletic and Sariyar, 2024).

Large language models (LLMs) offer an attrac-
tive new paradigm for tabular synthesis. Unlike
classical tabular generative models that require
training specialized architectures, LLLMs can be
prompted with schema descriptions, constraints,
and a small set of examples to produce synthetic
rows in a training-free manner. Compared with tra-
ditional tabular synthesizers, such as CTGAN and
TVAE (GAN/VAE-based) (Xu et al., 2019) and Tab-
DDPM (diffusion-based), LLM-based methods like
GReaT (Borisov et al., 2022) and TabulLa (Zhao
et al., 2025) also offer a more flexible paradigm by
modeling each row autoregressively as a sequence.
This makes conditional generation and schema-
constrained sampling straightforward. However,
this flexibility introduces new risks: LL.M-based
generators can distort global statistics, amplify bi-
ases contained in prompts (Gallegos et al., 2024),
or create spurious dependencies (Recasens et al.,
2025) that appear plausible but do not reflect the
real data-generating process. As a result, prac-
titioners increasingly require not only scores of
synthetic quality, but also interpretable diagnos-
tics (Kapar et al., 2025) that explain what differs
between real and synthetic distributions and why a
synthetic dataset may fail in downstream tasks.

Existing synthetic-data evaluations largely fall
into two categories. The first uses distributional
similarity metrics (Stolte et al., 2024), which are
useful for detection but often provide limited in-
sights into the concrete feature—label relationships
that were preserved or corrupted. The second evalu-
ates downstream utility by training predictive mod-
els on synthetic data and testing on real data (or
vice versa) (Xu et al., 2019). This approach pro-
vides an outcome-based score but typically lacks
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interpretability and can confound distribution mis-
match with model bias. Both categories may flag
that synthetic data are problematic, but they do not
readily explain which dependencies or shortcuts the
generator introduced, nor do they offer a concise
mechanism-level “diff”” that can guide remediation
(e.g., prompt redesign, constraint tightening, or
post-generation filtering) (Rudin, 2019). However,
unlike traditional explanation methods for deep
learning models (Lundberg and Lee, 2017; Kulin-
ski and Inouye, 2023; Adebayo et al., 2018; La-
puschkin et al., 2019), explaining LLM-generated
synthetic data is difficult because generation is
driven by high-dimensional, prompt-sensitive inter-
nal representations, so the same sample can arise
from different hidden mechanisms and any pro-
duced rationale may be plausible but not faithful.

In this work, we propose an interpretability-
driven auditing framework using rules to explain
and audit LLM-generated synthetic tabular data
through the lens of an interpretable hypothesis
class. Our core idea is to treat an interpretable
learner as a probe of the joint distribution and
to compare the best explanations induced by real
versus synthetic data. Concretely, we first train a
gradient-boosted rule ensemble on the real dataset
to obtain an interpretable explanation, which we
call Rule set A. We then generate a synthetic dataset
using an LLM conditioned on the same schema and
task specification, and we evaluate the synthetic
dataset using Rule set A as a baseline audit. Fi-
nally, we warm-start the rule learner from A and
continue training on the synthetic dataset until con-
vergence, producing Rule set B. The transition from
A to B provides a direct, human-auditable summary
of which feature—label relationships are preserved,
weakened, removed, or newly introduced by the
synthetic generator. Additionally, we establish a
theoretical connection between rule convergence
and synthetic-data quality, proving that faithful syn-
thetic data produce explanations that transfer reli-
ably to real data, while large cross-domain gaps
reveal artifacts, such as spurious correlations, leak-
age, or distribution shift.

We summarize the contributions as follows:

* We turn LLM-generated synthetic-data eval-
uation into a human-auditable comparison of
explanations, using rule models as a shared
explanatory language.

* We propose four metrics that quantify utility
transfer and synthetic drift. We also provide

theoretical guarantees characterizing when
drift can be fixed by reweighting existing rules
and provide bounds for cross-domain utility
transfer.

* We evaluate our framework across six tabular
benchmarks and multiple LLM-based genera-
tors, showing why score-only evaluation can
be misleading and demonstrating how rule
differences localize concrete mechanism in-
versions.

Opverall, our approach advances the transparency
of LLM-based tabular synthesis by moving be-
yond opaque quality score-only evaluation to inter-
pretable, auditable rule-based explanations.

2 Related Work

2.1 Tabular Data Generation Based on LLMs

LLMs have emerged as an effective approach to
tabular synthesis. GReaT (Borisov et al., 2022)
demonstrates that autoregressive models can cap-
ture complex feature dependencies by serializing
tables into token sequences, matching the per-
formance of specialized tabular data generators.
This work inspires several extensions. REal.Tab-
Former (Solatorio and Dupriez, 2023) handles rela-
tional databases with foreign-key constraints, and
HARMONIC (Wang et al., 2024) incorporates
privacy-preserving mechanisms through instruc-
tion tuning. Unlike classical methods that require
training a new model for each dataset, these LLM-
based approaches can generate synthetic data from
just a schema and a few examples (Fonseca and
Bacao, 2023). This allows LLMs to be applied
without dataset-specific training, since they reuse a
pretrained language model instead of learning an
explicit generative model for each table. Classical
tabular generators, including Copulas-based meth-
ods (Patki et al., 2016), Bayesian networks (Zhang
et al., 2017), GAN-based methods such as TVAE
and CTGAN (Xu et al., 2019), and diffusion mod-
els, such as TabDDPM (Kotelnikov et al., 2023)
and TabSyn (Zhang et al., 2023), typically learn
joint, marginal, or conditional distributions through
specialized architectures. In contrast, LLMs rely
on implicit statistical regularities learned from data,
without encoding such distributional constraints.
While this enables flexible prompt-based synthesis,
it permits plausible-looking correlations that do not
correspond to true dependencies in the real data.
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As a result, standard distributional similarity tests
often fail to detect these subtle structural artifacts.

2.2 Quality Assessment of Synthetic Data

The existing comprehensive data evaluation frame-
works are generally divided into two categories.
The first approach measures the distributional simi-
larity through distributional similarity metrics, in-
cluding marginal distances, correlation test, and
classifier two-sample test, such as C2ST (Lopez-
Paz and Oquab, 2016). The second approach
is to evaluate downstream utility through TSTR
(train on synthetic, test on real), which is a popu-
lar paradigm in tabular synthesis evaluation (Xu
et al., 2019). Variants include machine learning
efficiency metrics and privacy measures, such as
the distance to the nearest record. Recent efforts to
unify these aspects within a privacy-utility-fidelity
trinity framework (Hernandez et al., 2025) have
led to platforms, such as SynthEval (Lautrup et al.,
2025), which provide comprehensive benchmark-
ing toolkits. However, both approaches lack di-
agnozability. A lower C2ST score or poor TSTR
accuracy indicates a problem, but it cannot explain
whether the problem stems from marginal drift,
conditional dependency errors, or spurious depen-
dencies. Recent studies have also questioned the
reliability of distance-based privacy metrics (Yao
et al., 2025). Our method complements these ag-
gregated scores by providing interpretable, human-
auditable diagnostics revealing how feature—label
relationships differ between the real and synthetic
data distributions.

2.3 Interpretable Rule Learning

Rule-based models have a long history in inter-
pretable machine learning. Early work includes
RIPPER (Cohen, 1995), which constructs rule sets
by incrementally growing and pruning rules, then
iteratively optimizing them to minimize error. Rule-
Fit (Friedman and Popescu, 2008) combines tree-
derived rules and Lasso regularization to generate
sparse rule sets. Recent methods include Explain-
able Boosting Machines (EBM) (Nori et al., 2019),
which extends generalized additive models through
cyclic gradient boosting. SIRUS (Bénard et al.,
2021) provides stable rule extraction from random
forests. However, these methods often greedily
add rules without enforcing structural orthogonal-
ity, making it difficult to distinguish which depen-
dencies are genuinely new rather than redundant
reweights of existing patterns. In this work, we

adopt Orthogonal Gradient Boosting (OGB) (Yang
et al., 2024), which explicitly constrains newly
learned rules to remain orthogonal to the previ-
ously selected rules. This structural orthogonality
is central to our proposed audit framework: when
warm-starting the OGB on real data and continue
training on synthetic data, newly added rules can
capture residual structure in the original model
rather than redundantly reweighting the existing
dependencies (Yang et al., 2025, 2026).

2.4 Explanation Shift and Distribution Drift

Using model interpretations to monitor distribution
changes is an emerging direction in machine learn-
ing reliability. Mougan et al. (2023) introduced
the concept of “explanation shift” by comparing
SHAP-based (Lundberg and Lee, 2017) feature
attributions across distributions, developing the
skshift library for deployment monitoring. Kulin-
ski and Inouye (2023) proposed learning inter-
pretable transportation maps via optimal transport
relaxations to explain distribution shifts across tab-
ular, text, and image data. Another work by Ra-
banser et al. (2019) provides a systematic empirical
study of dataset shift detection methods. Addition-
ally, explainable Al techniques have been applied
to diagnose distributional artifacts in deployed mod-
els (Adebayo et al., 2018; Lapuschkin et al., 2019).
Unlike these methods that primarily address tem-
poral drift or domain adaptation using SHAP val-
ues or optimal transport, we employ rule-based
explanations for auditing LLM-generated synthetic
tabular data. Our method yields directly auditable
conditionals (e.g., threshold tests) that closely align
with how practitioners inspect tabular relationships.
Furthermore, we provide theoretical analysis link-
ing rule convergence to synthetic quality through
hypothesis-class discrepancy bounds.

3 Preliminary

3.1 Exponential Family Distribution

Let P denote the real joint distribution of a pair
of random variables (X,Y) and @ denote the
synthetic (LLM-generated) joint distribution of
(X,Y). Assume the output Y conditional on the
input X follows a (regular) exponential family with
canonical parameter 6:

p(Y =y | 0) =h(y)exp(yd — A(9)), (1)

where A(0) is the log-partition function, and 5 is a
base measure (McCullagh, 2019). It covers Gaus-
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sian (MSE up to constants), Bernoulli (logistic),
Poisson, Gamma (canonical), etc. For the multi-
class setting, one may instead use the multinomial
exponential family with a softmax link; see Re-
mark A. In canonical-link generalized linear mod-
els (GLMs), the linear predictor (a.k.a. natural pa-
rameter) is 6(z) = f(z), where f is a linear model.

Up to y-only constants, the per-sample loss (-, -)
for canonical exponential family is

((f(z),y) = A(f(z)) — yf(2). 2)

Lemma 3.1. For the canonical exponential family
loss in Eq. (2), let z = f(x), then:

1. U(z,y) is convex in z since A(z) is convex.

2. The gradient and Hessian are

0

87£(Z, y) = A,(Z) - Y,

0? (
@g(z, y) = A//(Z) 2 0.

3. A(2) =E[Y |0 =z] and A" (z)
0 = z) for regular families.

= Var(Y |

3.2 Orthogonal Gradient Boost Additive Rule
Ensemble

We use an additive rule (Friedman and Popescu,
2008) with K rules

Ks
fr(@) = Bo+_ Bigj(z), ¢j(x) €{0,1}, (4)
j=1
where ¢; denotes the query (condition, i.e., the
“if” part) of the j-th rule, and 3; is the weight
(the “then” part) of the j-th rule. Given a dataset

{(xi,y;)}1~, drawn i.i.d. from the distribution

over (X,Y), define f = (f(x1),...,f(zn)7,
y = (y1,...,yn) ', and query output vectors
gj = (gj(z1), -, qj(zn)) "

For A > 0, define regularized empirical risk

RA(f) = fZK HﬁHz
Lo (%)
_ 2
- nZ( yzfz) ’I’LHBH%
where 3®) = (ﬁgt), .. ,,Bt(t))T. -
Let ®; = [q1,...,q:] and g = VR)\(f). At

iteration t, the query ¢; is selected by maximizing
the OGB objective function (Yang et al., 2024):
(6)

objoer(q) = |QIQL‘/(HQLH2+€):

~"Interpret and Audit

Which features change their
= : functional role after synthesis?

- g : p
= : :
=} : . . :
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Figure 1: A mechanism-aware auditing pipeline.

where g, and g, are the projection of g and ¢q
onto the complement of range(®; ). This objective
function guarantees that the selected query is not

a linear combination of existing queries. After
selecting query ¢, we refit all coefficients:
( ét),ﬁ(t)) €arg min R (Bol + @tﬁ).
Bo€R, BER?
(N

4 Methodology

We consider a supervised tabular learning task
with a real (observed) labeled dataset Dp
{(@i,yi) }q, z; € RY gy € Y, drawn
ii.d. from an unknown real distribution P over
(X,Y). We assume access to an LLM-based gen-
erator G that produces a synthetic labeled dataset
Dqg = {(ng),y§Q)) 71 ~ @, conditioned on a
table schema S (e.g., feature names, types, and
ranges) and optional generation constraints C (e.g.,
validity checks, domain rules, and label defini-
tions). Our goal is to explain and audit whether
the synthetic distribution () preserves the predic-
tive structure present in P, and to pinpoint which
feature—label dependencies are preserved, weak-
ened, removed, or newly introduced by the LLM
generator. To obtain human-auditable explanations,
we restrict attention to an interpretable hypothesis
class H of additive rule ensembles fx with K rules.
Each query gy, is a conjunction of simple predicates
over features (e.g., threshold tests and category
membership), so that gi(z) = 1 corresponds to an
explicit “if” condition being satisfied.

4.1 Core Pipeline: Rule set A — Rule set B

Step 1: Learn a real-data explanation (Rule
set A). As shown in Figure 1, we fit a rule-
based predictor on the real dataset Dp using Or-
thogonal Gradient Boosting (OGB) with correc-
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tive refitting, yielding: (i) a set of learned queries
A = {qY‘)7 e
ficients B(Y), and (iii) the real-data explanation
model fa(x) BéA) + Zf;‘l ,(gA)qliA) (x). We
interpret A as a compact, human-readable descrip-
tion of the feature—label relationships supported by
real data, within the hypothesis class .

,q%‘)}, (i1) corresponding coef-

Step 2: Generate synthetic data with an LLM.
We use the generator G to produce a synthetic
dataset D that conforms to the schema S and con-
straints C, thereby inducing a synthetic distribution
Q over (X,Y). Since our focus is on explainability
rather than generator design, G is treated as a black-
box and may be instantiated by any LLM-based
tabular data generator.

Step 3: Learn a synthetic explanation (Rule
set B) with warm-start from A. Starting from
Rule set A (and optionally its coefficients), we
continue training the rule learner on the synthetic

data D¢ to obtain a converged synthetic expla-

S _ 1B (B) _ ;3(B)
nation: B = {qy ,...,q5,}, [B(x) = By +
25:31 ](CB)q,(CB) (). Intuitively, B captures the
best rule-expressible feature—label dependencies
induced by the synthetic distribution Q.

5 Rule-based Evaluation Metrics for
LLM-Generated Synthetic Data

We assess synthetic data quality using four comple-
mentary metrics that together characterize utility
transfer, diagnostic drift, and mechanism drift. We
also provide theoretical analysis establishing guar-
antees for these proposed metrics.

5.1 Evaluation Metrics

(i) Cross-domain transfer gap (CDTG; utility
fidelity). Let DS denote a held-out real test set.
We define the empirical cross-domain gap as

3cross = E(fB;DEDeSt) - f{(fA;D%eSt)v

where AR(f;D) = ﬁZ(x,y)eD f(x),y). A
small Ac;oss indicates that the synthetic-derived

explanation transfers well to real data. See Theo-
rem 5.3 for detailed proof.

(ii) Orthogonal Gradient Energy (OGE; diag-
nostic drift). Let &' ¢ {0,1}™<K4 be the
output matrix of queries in A evaluated on the syn-
thetic sample, and let S4 := range(@ff)) C R™

be the induced span. We define the empirical syn-
thetic gradient vector evaluated at f4:

(@)

l9a(fa)], = =50z, y?)

Z:fA(CCEQ)) ?

and thus derive the OGE as

where Il 1 denotes orthogonal projection onto S j.
A large OGE(Q; A) indicates that the synthetic
loss gradient contains systematic components that
cannot be removed by reweighting existing real-
data rules, implying the need for new explanatory
directions. See Theorem 5.2 for detailed proof.

(iii) Rule-level support shifts (RLSS; mechanism
drift). We evaluate the real-data explanation f4
on synthetic samples and compute rule-level sum-
maries. For any query ¢, define its empirical sup-
port length on Dg: po(q) == >_71, q(xEQ)), with
a small € > 0 for numerical stability. We compute
analogous quantities pp(-), p(-) on real valida-
tion/test splits and then we compute support shifts:

Asupp(q) = |ﬁP(q) _ﬁQ(Q)“
These quantities localize which dependencies drift
and provide actionable diagnostics for refining
prompts, constraints, or post-generation filtering.

(iv) Explanation similarity from A—B. (xSim)
We summarize distribution shift in a human-
auditable form by comparing the two query sets:

ANB (preserved), A\ B (removed), B\ A (added),

and by quantifying coefficient drift on shared rules.
We further report a structural similarity score,
namely the Jaccard index: J(A, B) := }ﬁgg}. We
consider queries that have the same support for the
same dataset as identical. For queries which are
not exactly identical, we calculate the overlap rate
of the support (coverage) of the queries. If the over-
lap rate of two queries is within a tolerance (e.g.,

>90%), we say that they are similar.

5.2 Theoretical Analysis

We provide theoretical guarantees that our evalua-
tion captures utility transfer and mechanism drift.
After full correction, there is no descent direction
within the span of selected rules, so projecting
the gradient onto the orthogonal complement tar-
gets a new explanatory direction. We prove that a
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small OGE(Q;A) means the real-data-derived ex-
planation A is (approximately) stationary under
the synthetic distribution, indicating preserved rule-
expressible structure; a large OGE(Q;A) signals
systematic drift not fixable by reweighting exist-
ing rules, requiring new rules. Finally, via cross-
domain transfer, if real and synthetic distributions
are close in our interpretable hypothesis class, then
the best synthetic explanation performs nearly as
well as the best real-data explanation on real data.
Define the gradient of the data-fit term w.r.t. f :

g = V; (i Z o fi, yi))
=1

F=F®
(t)

For exponential family using (3), we have g,
At

LAY )

Theorem 5.1. Assume ((-,y) is differentiable and

convex, and let f) be obtained by corrective refit

(7) with query matrix ®y.

1. If A\ =0, thenVj < t, the gradient is orthogo-
nal to the selected query span:

3/ g» =0 = (¢;)"gP =0. (¥

2. If A > 0, then
o/ g® + 280 /n = 0. 9)

Equivalently, the gradient is orthogonal up to
the regularization term.

See Appendix B for detailed proof. The Theo-
rem 5.1 indicates that after full correction, there
is no descent direction within the span of already-
selected rules. Thus projecting the gradient onto
the orthogonal complement targets genuinely new
explanatory directions.

Theorem 5.2. Assume ((-,y) is convex and differ-
entiable, and consider updates to f 4 restricted to
the real-rule span S 4, i.e., predictors of the form
fa+ Zszl 0;q; evaluated on D¢y. Then:

1. If OGE(Q; A) = 0, the synthetic gradient
9o(fa) lies in S, and thus the steepest de-
scent direction of the synthetic empirical risk
at fa can be representable by reweighting
rules in A.

2. If OGE(Q; A) > 0, the synthetic empirical
risk at fa admits a non-zero gradient com-
ponent orthogonal to S 5. Consequently, any

update using only reweighting of rules in A
cannot eliminate this orthogonal component;
reducing synthetic risk further requires adding
at least one rule whose output vector has a
non-trivial component in S j.

See Appendix B for detailed proof. A small
OGE(Q; A) indicates that the real-data-derived ex-
planation A is close to stationary under the syn-
thetic distribution, suggesting that the synthetic
generator preserves the rule-expressible predictive
structure of the real data. A large OGE(Q; A) in-
dicates systematic synthetic drift that cannot be
resolved by reweighting existing real-data rules, ne-
cessitating new, non-redundant explanatory rules.

Theorem 5.3. Let f;, € argmingey Rp(f)
and f§y € argmingey Ro(f). Define the
Hypothesis-class discrepancy as discy (P, Q) =
SUpfey }T\’,p(f) — R(f)|- Define the cross-risk
8ap Across i= RP(fé) - Rp(fjé) Then

Across < 2disey (P, Q). (10)

See Appendix B for detailed proof. Theorem 5.3
shows that synthetic fidelity can be assessed via
cross-domain transfer: if real and synthetic distri-
butions are close with respect to our interpretable
hypothesis class, then the optimal synthetic expla-
nation must perform nearly as well as the optimal
real-data explanation on real data.

6 Experiments and Results

We evaluate our method on six benchmark tab-
ular datasets (Adult, Abalone, Buddy, Califor-
nia, Diabetes, and German) and compare with
five baselines: HARMONIC (Wang et al., 2024),
GREAT (Borisov et al., 2022), REAL (training
directly on the original data as an oracle up-
per bound) (Solatorio and Dupriez, 2023), CT-
GAN (Xu et al., 2019), and TVAE (Xu et al.,
2019). Adult, Abalone, Diabetes, and German
credit are obtained from the UCI Machine Learn-
ing Repository (Asuncion and Newman, 2007),
while California Housing is sourced from the scikit-
learn real-world datasets (Pedregosa et al., 2011).
The first three (HARMONIC, GREAT, REAL) are
LLM-based settings, while CTGAN and TVAE
are representative GAN/VAE-style tabular synthe-
sizers. For each dataset and synthesis method,
we evaluate synthetic fidelity using the four met-
rics defined earlier: (i) the cross-domain transfer
gap, which measures whether explanations learned
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Table 1: Results on 6 datasets and 5 methods across four evaluation metrics. Each subtable reports one metric.

(a) CDTG (= 0) (b) OGE (})
Method Adult Abalone Buddy California Diabetes German Method Adult Abalone Buddy California Diabetes German
Harmonic -0.051  2.733  -0.042 0.765 -0.084  -0.055  Harmonic 4.337  169.1 8.260 5243 6.227 6.308
Great -0.008 4913  -0.017 0.354 -0.214  -0.085  Great 11.90  368.6  8.933 222.8 7.318 7.382
Real -0.024  0.510  -0.015 0.041 -0.052  -0.030  Real 2.550 1405 1.290 38.42 5.069 4.349
TVAE -0.017 2473 0.005 0.183 0.026 -0.020 TVAE 1413 1769 11.97 276.7 4.938 4.184
CTGAN  -0.031 2319 -0.012 1.080 -0.117  -0.140  CTGAN 2260 169.0  5.575 55.56 6.732 8.321
() RLSS (1) (d) xSim (1)
Method Adult Abalone Buddy California Diabetes German Method Adult Abalone Buddy California Diabetes German
Harmonic 2.302 3572 2214 1.654 1.741 1.781 Harmonic  0.152  0.081 0.290 0.053 0.081 0.026
Great 2779 2494 0505 2.752 1.971 2.769 Great 0462  0.081 0.818 0.290 0.053 0.081
Real 1914 2683 0471 0.700 1.595 2.323 Real 0.250  0.176  0.667 0.600 0.143 0.111
TVAE 2249  1.678  0.655 3.521 1.733 2.649 TVAE 0.600  0.111 0.739 0.176 0.111 0.081
CTGAN 1937  2.059 1.391 1.750 1.285 2.286 CTGAN  0.143  0.111 0.739 0.250 0.081 0.026

from synthetic data generalize to held-out real data,
(ii) orthogonal gradient energy (OGE) which de-
tects mechanism drift that cannot be corrected by
reweighting real-data rules, (iii) rule-level support
which quantify how frequently each dependency
appears and how strongly it relates to the label, and
(iv) an explicit explanation similarity from Rule set
A (real) to Rule set B (synthetic).

6.1 Evaluation Results

As shown in Table 1, across datasets, the met-
rics reveal a consistent fidelity—instability pattern:
GReaT often incurs the largest OGE, indicating
substantial mechanism drift that cannot be cor-
rected by reweighting real rules, even when its
transfer gap is competitive on some datasets (e.g.,
Diabetes). In contrast, REAL achieves strong
performance on the drift/similarity-based metrics
(OGE, RLSS, xSim), serving as a reliable reference
for explanation stability. Traditional generators
(CTGAN/TVAE) remain strong baselines and fre-
quently achieve the best or near-best results on spe-
cific datasets—particularly on Adult (TVAE best
xSim; CTGAN best OGE) and Diabetes/German
(TVAE best OGE)—highlighting that synthetic fi-
delity is dataset-dependent and reinforcing the need
to evaluate both cross-domain transfer and expla-
nation stability.

6.2 From Scores to Explanations: Auditing
Synthetic Data

These metrics are informative, but their raw val-
ues should not be interpreted in isolation. Strong
utility or transfer does not guarantee “realism”: a
generator may match performance for a particu-
lar predictor family while still shifting marginals,

correlations, tail behavior, or rare subgroups. This
risk is amplified for LLM-based tabular generators,
which can produce plausible outputs while subtly
altering the data-generating mechanism. Hence,
we complement scalar scores with interpretability-
based analysis, inspecting explanations to identify
which dependencies are preserved versus distorted.
To aid interpretation, we visualize the learned rules

Original Data Real Harmonic

38 1 E 4

37 1 1 3
@ - 4

36 ;
35 1 1

1
34 1 1

0

-120 -115 -120 -115 -120 -115
Ing Ing Ing

Figure 2: The outputs of the additive rule ensembles
trained on the original California dataset and the data
synthesized by Real and HARMONIC.

over the California dataset by mapping their longi-
tude—latitude coverage onto heatmaps for three rule
sets in Figure 2: one learned from the original data,
one learned from the RealTabFormer synthetic data,
and one learned from the HARMONIC synthetic
data. The longitude—latitude heatmaps indicate that
the rule set learned from the original data closely
matches that learned from RealTabFormer, while
the rule set learned from HARMONIC differs sub-
stantially. We further visualize the differences be-
tween the policies learned from the original data
and those learned from the RealTabFormer and
HARMONIC datasets in Figure 3. In the difference
heatmaps, deeper red and blue colors indicate larger
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deviations from the original policy, with red denot-
ing positive differences and blue denoting negative
differences. For latitude < 34°, the HARMONIC
difference map is predominantly blue, indicating
a negative deviation from the original policy. A

Original vs Real Original vs Harmonic

38 A

-120 -115

Ing

-120
Ing

-115

Figure 3: Difference between the outputs of the additive
rule ensembles trained on the original California dataset
and the data synthesized by Real and HARMONIC.

natural question arising from the observed discrep-
ancies is whether the synthetic dataset generated by
HARMONIC is incorrect. To answer this question,
we leverage our rule-based analysis, which enables
a fine-grained inspection of how explanatory mech-
anisms differ across datasets.

In the ruleset learned from the original data, lat-
itude around 34° emerges as a stable and inter-
pretable geographic signal through multiple posi-
tive rules. Specifically, there are three rules asso-
ciate with that latitude:

1. +0.4285 if households < 3.4194 A
latitude < 33.62 A median_income >
1.9063 A total_rooms > 3.8044. This rule cap-
tures low-density, middle-income Southern Califor-
nia neighborhoods with sufficient housing capacity.
Such regions are typically suburban or coastal res-
idential areas, where location provides a strong
baseline advantage that is reinforced by adequate
income and housing size;

2. 4+0.3753 if households < 3.8783 A
latitude < 34.26 A —118.5 < longitude <
—117.88 This rule highlights the Greater Los An-
geles and nearby metropolitan corridor, where geo-
graphic location alone acts as a dominant explana-
tory factor. Low household density within this
high-demand region is strongly associated with
positive outcomes, even without explicit income
constraints;

3. 40.3399 if households < 2.5062 A
housing_median_age > 25 A latitude <

34.1 A total_bedrooms > 0.9663.

This rule identifies established Southern Califor-
nia neighborhoods with older housing stock and
very low household density. Such areas often corre-
spond to mature, well-developed residential zones
that benefit from long-term location premiums.

Together, these rules encode a coherent and inter-
pretable mechanism in which Southern California
acts as a globally positive geographic regime, with
household density, income, and housing character-
istics serving as moderating factors.

In contrast to the original dataset, the rule-
set learned from the HARMONIC synthetic
data contains a negative rule that overlaps
substantially with the same latitude range:
—0.2492 if households > 1.9196 A
latitude < 35.362 A 550 < population <
2158.3 A total_bedrooms > 1.0165.

This rule penalizes moderately dense, mid-
population Southern California regions with rel-
atively high bedroom counts. Unlike the origi-
nal rules, latitude no longer provides a positive
baseline; instead, it appears only within a narrow,
population-conditioned penalty. This inversion of
the geographic signal explains the systematic neg-
ative deviations observed for latitude < 34° in
the HARMONIC difference heatmap.

From an evaluation metrics-based perspective,
the HARMONIC synthetic data do not exhibit a
well-aligned spatial distribution on the California
dataset, a closer inspection of the learned rules re-
veals that the generated data are not unreasonable.
In particular, HARMONIC preserves local statisti-
cal dependencies and predictive utility, but fails to
retain the global explanatory mechanisms present
in the original data. As a result, passing predictive
evaluations alone does not guarantee explanation fi-
delity, underscoring the importance of mechanism-
aware analysis when assessing synthetic datasets.

7 Discussion and Future Work

In this work, we introduce a mechanism-aware
framework that uses interpretable explanations as
the unit of comparison, enabling us to separate
apparent utility transfer from genuine fidelity of
underlying dependencies. By analyzing how ex-
planations trained on real data change under syn-
thetic distributions, our metrics expose when per-
formance is preserved by reweighting familiar pat-
terns versus when the generator induces drift that
requires genuinely new explanatory structure. Em-
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pirically, we show that this explanation-centric
view turns evaluation into diagnosis: it not only
flags failures based on score-based tests, but also
localizes what changed and why.

More generally, we ask which mechanisms the
generator relies on, and how those mechanisms
shift across domains, prompts, or data sources. Our
results motivate evaluation pipelines that treat ex-
planations—rules in a human-auditable hypothesis
class—as first-class objects. This makes drift de-
tectable, comparable, and actionable, providing a
practical bridge between black-box performance
and trustworthy deployment. Future work can ex-
pand beyond tabular, and integrate risk-sensitive
auditing so that explanation fidelity becomes a stan-
dard counterpart to utility in LLM evaluation.

Limitations

Our analysis should not be interpreted as validat-
ing any specific generator (e.g., HARMONIC) as
producing “correct” or fully realistic data. The
proposed framework is an auditing tool, not a certi-
fication mechanism: it identifies and explains dis-
tributional shifts through learned rules. Also, the
proposed framework targets statistical/mechanistic
fidelity, not downstream social harms (privacy leak-
age, memorization, fairness, or representation bias),
which require additional evaluation dimensions.

Also, our proposed metrics are intended to quan-
tify how closely the generated data matches the
original data, and the human interpretability of
the extracted rules provides an additional lens to
inspect why and how the generated data differs.
We do not explicitly link these two via a meta-
evaluation metric; In many test cases, the learned
rule sets are highly dataset-specific, and meaning-
ful human judgment would require domain exper-
tise (e.g., for the diabetes dataset). Identifying a
single meta-evaluation criterion can be challeng-
ing. We therefore position a large-scale human
meta-evaluation as future work. That said, the in-
terpretability component of our method provides
a practical mechanism for sanity-checking and de-
bugging: when the quantitative scores suggest a
potential mismatch, the corresponding rule-level
explanations allow users/domain experts to inspect
where the mismatch arises and whether it reflects
genuine mechanism drift, spurious dependencies,
or other generator artifacts.
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A Additional Theoretical Preliminaries

Remark (Multi-class exponential family). For K-
class classification, let f(x) € RX be logits and
use multinomial NLL: ((f,y) = log Zszl el —
fy- This is an exponential-family NLL with vector
natural parameter. All monotonicity and cross-
gap results remain unchanged. The orthogonality
condition generalizes to QtT G = 0 where G €
R™*K stacks gradients per class.

Lemma A.1. For the canonical exponential family
loss in Eq. (2), let z = f(x), then:

1. U(z,y) is convex in z since A(z) is convex.

2. The gradient and Hessian are

0 /
876(27?/) = A (Z) - Y,
. (11)

@g(%y) =A"(z) = 0.

3. A(z2) =E[Y |0 =z]and A"(z) = Var(Y |

0 = z) for regular families.

Proof. (1) is standard: A is convex as a log-
partition function, hence A(z) — yz is convex in
z. (2) follows by differentiation of Equation (2).
(3) is a standard property of exponential families:
derivatives of A correspond to cumulants. O

OGB Objective and a Useful Upper Bound:
Let Q;—1 = [q1, - .-, q:—1] and denote the orthogo-
nal decomposition

q) € range(Q¢-1),
qL 1 range(Q¢—1).

q=q+4qL,

Similarly, let g = g + g, be the decomposition
of the gradient with respect to range(Q;—1). The
OGB objective (with stabilizer € > 0) is

~glay|

= 2L (12)
lgillz+e

ObJ ogb (Q) :

Proposition 1 (Upper bound on the OGB objec-
tive). For any candidate q,

0bjogh(q) < llgLlla-

Proof. Since q; 1 range(Q;-1) and g| €

range(Q¢—1), we have g'q1 = (g1) q.. By
Cauchy—Schwarz,

l97a ] =1(g0) a.| < llgillz llals.
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Divide by ||q ||2 + € > ||/g. |2 to obtain

97l _ llgvl=llgLl

objoen(q) = <
ol =L re S Jaulte

O]

Theorem A.2. Let {f)} be the sequence pro-
duced by repeatedly adding rules (any selection
strategy) and performing corrective refit (7), we
have:

1. Ry(fED) < Ry(fW) forall t.

2. If Rx(f) 2 R > —oo for all f in the consid-
ered class (true for exponential-family NLL),
then {Rx(f®)} converges.

Proof. Let F; := {BO+Z§:1 Bjq;(+)} be the func-
tion class spanned by selected rules at iteration .
Then F; C Fiy1. By definition of corrective refit,

Ry\(fW) = min Ba(f),

R (t+1)y R
A(STT) = fg]l;gl A(f)-

Since the minimization is over a superset at
t+ 1, the minimum cannot increase: Ry (f(+1) <
Ry\(f (t)). For (2), monotone non-increasing se-
quences bounded below converge. For exponential-
family NLL, A(z) — yz is lower bounded for regu-
lar families on R (and with /5 regularization R) is
coercive), hence bounded below. O

< llgll2-

B Proof for the Theorem

Theorem B.1. Assume ((-,vy) is differentiable and
convex. Let f () be obtained by corrective refit (7)
with rule matrix QQy.

1. If X = 0, then the gradient is orthogonal to
the selected rule span:

Qg =0 = (q;)"g"=0,vj<t
(13)
2. If A > 0, then
Qg ﬁ (14)

Equivalently, the gradient is orthogonal up to
the regularization term.

Proof. Write f = Bopl 4+ @Q:3 and consider the
objective in (5, B):

n

=S 0+ (@i +

=1

A
®(50. 8) = I3

Since ¢ is differentiable, stationarity at the (global)
minimizer gives

Va5, 80) =0

By chain rule,
I, 7
f§ 0 fiy) | =QF g®).
B(ni:1 (fvy)> th

Also, V,g( I181|5 )

. Hence

Qt + ﬂ(t) =0.

If A = 0 we recover (13). This holds for any dif-
ferentiable convex loss, and in particular for the
exponential-family NLL (2). O

Theorem B.2. Assume ((-,y) is convex and differ-
entiable, and consider updates to f 4 restricted to
the real-rule span S 4, i.e., predictors of the form
Jfa+ ZJK:1 0;q; evaluated on Dq. Then:

1. If OGE(Q; A) = 0, the synthetic gradient
9o(fa) lies in S, and thus the steepest de-
scent direction of the synthetic empirical risk
at fa is representable by reweighting rules in

A
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2. If OGE(Q; A) > 0, the synthetic empirical
risk at f 4 has a non-zero gradient component
orthogonal to S 5. Consequently, any update
using only reweighting of rules in A cannot
eliminate this orthogonal component; reduc-
ing synthetic risk further requires adding at
least one rule whose output vector has a non-
trivial component in S j.

Proof. We first verify that the gradient is well-
defined under the losses of interest. For canoni-
cal exponential-family NLL ¢(z,y) = A(z) — yz,
Lemma 3.1 states that /(-, y) is convex and differ-
entiable with 0,¢(z,y) = A’(z) —y, hence go(fa)
exists and is finite.

Let Ro(f) = L 37 ¢(f(«!?),4!?)). For
any perturbation that only reweights the exist-
ing rules in A, Af(z) = Z]K:1 d;qj(x), the in-
duced prediction-vector change on Dg is A f =
Q@6 € Sy by definition of S4. By differentiabil-
ity, the first-order expansion gives ﬁQ (fa+Af) =

Ro(fa) + (90(fa). Af) + o(|AF])2)-
Decompose  gq(fa) Us,gq(fa) +
HsﬁgQ(fA). If OGE(Q;A) 0, then
HsﬁgQ(fA) = 0, so go(fa) € Sa and the
negative gradient direction —gg(fa) is repre-
sentable by some A f € Sy, proving (1).
If OGE(Q;A) > 0, then HSng(fA) %

0. For any Af € Sy, orthogonality im-
plies (Hsﬁ go(fa),A f) = 0, so the directional
derivative within the span S4 depends only on
IIs,90(fa). Thus updates that only reweight
rules in A cannot affect the orthogonal component
Il " 9o (fa). In particular, after performing a full
corrective refit restricted to the rule span S 4, The-
orem B.1 implies stationarity within that span (no
descent direction remains in S 4), yet the non-zero
orthogonal component persists. Therefore, reduc-
ing synthetic risk further requires expanding the
span by adding at least one rule with non-trivial
projection onto S j, proving (2). O

Theorem B.3 (Cross-risk gap bound (any loss)).
Define the cross-risk gap

Across 1= RP(fé) - Rp(f;;)

Then

Across < 2diSC’H(P7 Q) (15)

Proof. Add and subtract Rg(-):

Across = Rp(f3) = Rp(fF)
=(Rr(f5) = Ro(f3))
+ (Ro(f5) = Ra(fP))
+ (Ro(f5) = Rp(fp)).

The middle term is < 0 since fé minimizes R
over H. Thus

Across < ‘RP(fé - RQ(fCS)‘+

|Ra(fp) —Re(fp)|
< 2diSCH(Pa Q)>

because both fé and f7 belong to H.
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C Prompt for LLM-based Method

HARMONIC prompt (California Hous-
ing)[th] k-shot JSON completion (template,
k = 5). Provide 5 real rows (JSON dictionar-
ies; feature order may be shuffled), then request
one additional approximate sample in the same
JSON format.

Here are 5 tabular data about California
Housing, each containing 8 feature
columns

and 1 label column (MedHouseVal). I will
transmit the data to you in JSON format.

Please generate an approximate sample based
on these 5 examples.

Example one: {"MedInc"”: \ph{...},
"HouseAge": \ph{...}, "AveRooms":
\ph{...}, "AveBedrms"”: \ph{...},

"Population”: \ph{...},
"AveOccup”: \ph{...},
"Latitude”: \ph{...},
"Longitude": \ph{...},

"MedHouseVal”: \ph{...}}

Example two: {"AveOccup”: \ph{...},
"Longitude”: \ph{...}, "Population”:
\ph{...}, "MedInc”: \ph{...3},

"AveRooms": \ph{...},
"Latitude”: \ph{...3},
"HouseAge": \ph{...},
"AveBedrms"”: \ph{...3},

"MedHouseVal”: \ph{...}}

Example three:{"HouseAge": \ph{...},
"MedHouseVal”: \ph{...}, "Latitude":
\ph{...}, "MedInc”: \ph{...3},

"AveBedrms": \ph{...},
"AveRooms": \ph{...},
"AveOccup”: \ph{...3},
"Population”: \ph{...3},

"Longitude”: \ph{...}}

Example four: {"Latitude”: \ph{...3},
"AveRooms": \ph{...}, "AveBedrms”:
\ph{...3}, "HouseAge": \ph{...},

"MedInc”: \ph{...}, "AveOccup”:
\ph{...}, "Longitude":
\ph{...}, "Population”:
\ph{...3},
"MedHouseVal": \ph{...}}
Example five: {"Longitude”: \ph{...3},

"Latitude”: \ph{...}, "MedInc”:
\ph{...}, "HouseAge": \ph{...},
"AveRooms": \ph{...},
"AveBedrms”: \ph{...},
"Population”: \ph{...3},
"AveOccup”: \ph{...},
"MedHouseVal”: \ph{...}}

Generate one sample:

Optional (fine-tuning variant): append a reference line
OUTPUT: {...3} as the target completion.
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GReaT prompt (California Housing)[th] Row

serialisation (template). Each record is written

as a single text sequence with clauses of the
form <feature> is <value>. The target can
be included as another clause.

MedInc is \ph{medinc}, HouseAge is
\ph{house_age}, AveRooms is
\ph{ave_rooms},

AveBedrms is \ph{ave_bedrms}, Population is
\ph{population}, AveOccup is
\ph{ave_occup},

Latitude is \ph{latitude}, Longitude is
\ph{longitude}, MedHouseVal is
\ph{med_house_val}.

Conditional generation (prefix). Provide any

subset of clauses; the model completes the rest.

Latitude is 37.88, Longitude is -122.23,
MedInc is 8.3252,



D “Why” Rules

Why rule-based explanations? We adopt a rule-
based explanation layer because it provides action-
able and comparable diagnostics for synthetic tab-
ular data. Unlike distributional similarity scores
(e.g., two-sample tests) that only indicate whether a
shift exists, learned rules explicitly describe which
feature—label relationships are present. This en-
ables a direct A—B “explanation diff”’: preserved
rules reveal dependencies the generator maintains,
removed rules highlight real-world structure that
is lost, and newly added rules expose synthetic ar-
tifacts (e.g., shortcut correlations or leakage) that
can mislead downstream models. Moreover, rules
are human-auditable artifacts that domain experts
can inspect and validate, making the evaluation
transparent rather than purely metric-driven. Fi-
nally, our rule lens is generator-agnostic (it treats
the LLLM synthesizer as a black box) and comple-
ments traditional metrics: we can pair global detec-
tion measures with rule-level mechanism drift to
both detect and explain synthetic mismatch.

* Explainable auditing of LLM-generated
tabular data. We introduce an explanation-
based evaluation framework that compares
rule explanations learned from real and syn-
thetic data, yielding a human-auditable A—B
diff of preserved, missing, and spurious de-
pendencies.

Mechanism-level diagnostics beyond scalar
scores. Our rule diff localizes synthetic drift
at the level of feature—label relationships, pro-
viding actionable insights for prompt/con-
straint refinement and post-generation filter-
ing.

Generator-agnostic evaluation. The pro-
posed auditing layer applies to any LLM-
based tabular synthesis method, decoupling
explainability analysis from generator design
choices.

Theoretical grounding within an inter-
pretable hypothesis class. We provide a
formal justification linking cross-domain per-
formance gaps to distribution mismatch mea-
sured through the rule hypothesis class, sup-
porting explanation transfer as a principled
synthetic-quality criterion.

E Mechanism-Aware Auditing of
LLM-Generated Data

Although our experiments focus on LLM-generated
tabular datasets, the core problem we address is
central to the ACL community: how to evaluate
and explain artifacts produced by large language
models beyond predictive utility. In modern NLP
pipelines, LLMs are increasingly used to (i) gener-
ate training data (instruction tuning, self-training,
data augmentation), (ii) produce structured outputs
(information extraction, dialogue states, semantic
parses), and (iii) synthesize datasets for privacy,
cost, or coverage reasons. In all these settings,
“passing” downstream metrics does not guarantee
that the generated data preserve the intended lin-
guistic or causal mechanisms; it may instead en-
code prompt-sensitive shortcuts, spurious correla-
tions, or distributional artifacts that harm robust-
ness, fairness, and scientific validity.

A recurring ACL concern is that standard evalu-
ation can mask why a model succeeds or fails, es-
pecially under distribution shift. Our framework el-
evates explanations as first-class objects: we com-
pare a compact, human-auditable rule set learned
from real data (A) with the corresponding rule set
induced by synthetic data (B), and we quantify their
explanation diff. This aligns with ACL’s broader
agenda in interpretability and responsible NLP: di-
agnosing whether a system is learning the right
generalizations, not merely achieving high scores.

Orthogonal Gradient Energy (OGE) provides a
mechanism-aware test for whether synthetic arti-
facts can be “repaired” by reweighting explanations
already supported by real data, or whether they
require new explanatory structure. This directly
mirrors common NLP failure modes: an LLM-
generated dataset may preserve surface-level util-
ity while shifting the underlying decision rationale
(e.g., relying on style markers, demographic prox-
ies, or prompt artifacts). By construction, OGE
separates “fixable by reweighting” drift from “ir-
reducible mechanism drift”, which is precisely the
kind of diagnostic signal that complements stan-
dard leaderboard-style evaluation.

Applicability to NLP tasks. Our method is not
tied to any particular modality. It applies whenever
we can define: (i) a differentiable loss on labeled
examples, and (ii) a feature representation that sup-
ports human inspection. For NLP, this includes
settings such as:
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* Data augmentation / self-instruct: auditing
whether synthetic instruction—response pairs
introduce unintended heuristics or bias.

Information extraction & semantic parsing:
auditing whether generated structured labels
preserve the intended feature—label dependen-
cies (e.g., entity-type cues, syntactic triggers).

Dialogue state tracking / slot filling: checking
whether synthetic dialogues preserve causal
relationships between user intents, slots, and
context.

Evaluation set generation: verifying that syn-
thetic test items do not drift towards trivial
cues that inflate measured performance.

The community is increasingly emphasizing
faithfulness, robustness, and accountability in
LLM-based systems. Our contribution is an
evaluation-and-explanation pipeline that provides
(a) quantitative metrics for mechanism drift and (b)
qualitative, human-auditable rule-level evidence of
what changed. In this sense, our work is not only
about synthetic tabular data; it is about a general
methodology for auditing LLM-generated datasets
and structured outputs when interpretability and

F Additional Evaluation

We also evaluate synthetic data effectiveness from
the traditional perspectives: how well the syn-
thetic samples match the statistical properties of
the real data. We report data mismatch (DM) to
check datatype compatibility (DM =0 indicates no
datatype mismatch), Wasserstein distance (WD) to
quantify distributional differences across columns
(WD =0 indicates identical distributions), and Cor-
relation Similarity (CS) to measure agreement in
column-wise pairwise correlations (CS =1 indi-
cates identical correlations). These metrics provide
standard, preliminary sanity checks widely used in
prior synthetic tabular data work.

Across four datasets, RTF provides the most re-
liable synthetic fidelity (lowest WD consistently)
while maintaining strong likelihood-based utility,
whereas GReaT exhibits severe distributional fail-
ures on AD and BU (WD explosion), highlight-
ing the need for robust auditing beyond task-level
scores.

Table 2: Effectiveness results on four datasets across
five evaluation metrics (meanzstd over 3 seeds). We
report only the five baselines HARMONIC, TVAE,
CTGAN, REAL, and GREAT.

.. . . a) DM
distribution shift are first-order concerns. @ W
Method German Adult Diabetes Buddy
HARMONIC  0.144+0.00 0.00£0.00 0.07£0.05  0.0040.00
TVAE 0.14£0.00  0.00+0.00  0.10£0.00  0.00£0.00
CTGAN 0.14£0.00  0.00+0.00 0.07+£0.05  0.00£0.00
REAL 0.00£0.00  0.00+0.00  0.10+£0.00  0.00£0.00
GReaT 0.14£0.00  0.06+0.00 0.07+0.05 0.03£0.04
(b) WD (})
Method German Adult Diabetes Buddy
HARMONIC 0.82+0.03  0.49+0.01  0.07+0.00 0.23+0.02
TVAE 0.71£0.02  0.07£0.01  0.2640.01 0.05+0.00
CTGAN 0.724+0.02  0.06+0.01  0.084+0.00 0.064+0.02
REAL 0.69+0.01  0.03+£0.00  0.09+0.02 0.04+0.00
GReaT 0.91+0.22 3.83+0.09 0.13+£0.00 2189.43+1012.52
() CS (M

Method German Adult Diabetes Buddy

HARMONIC 0.96 0.99 0.97 0.98

TVAE 0.98 0.97 0.97 0.99

CTGAN 0.90 0.99 0.99 1.00

REAL 0.98 0.99 0.99 0.97

GReaT 0.98 0.95 0.87 1.00
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G Computational Resources

The evaluation experiments are conducted on a
computer with processor “3.1GHz 6-Core Intel
Core i5” and a memory of “72GB 2133 MHz
DDRA4”.

H Training Details

Our goal is to audit mechanism fidelity using a com-
pact, human-auditable ruleset, while ensuring the
learned surrogate remains sufficiently predictive
to be meaningful. Accordingly, we cap the maxi-
mum ruleset size at K < 20. This upper bound is
motivated by interpretability: beyond ~ 15-20 ad-
ditive rules, practitioners struggle to reliably read,
compare, and reason about rule-level differences,
especially when auditing multiple datasets and gen-
erators. In our setting, K < 20 provides enough ca-
pacity to capture dominant dependencies (i.e., the
main explanatory mechanisms) while keeping the
rule comparisons (support/lift shifts and ruleset dif-
ferences) tractable for human inspection. Because
our analysis compares rule mechanisms learned
on real versus synthetic data, the rule learner must
act as a faithful surrogate for the task signal. We
therefore require the fitted rule model to reach at
least 85% test accuracy (measured on held-out real
data). This constraint guards against drawing con-
clusions from an underfit or unstable surrogate: if
the rule model fails to capture the underlying deci-
sion boundary, observed “mechanism drift” could
reflect surrogate misspecification rather than gen-
uine distributional/mechanistic changes induced
by the generator. In practice, the 85% threshold
balances (i) sufficient task fidelity for meaningful
auditing, and (ii) retaining sparsity so the resulting
rules remain interpretable.

43070

17



I More Experiments

Figures 4 to 13 show the visualization of the ad-
ditive rule ensembles and their outputs trained on
the original Adult, Abalone, Diabetes, German and
California datasets and the corresponding synthetic
data.

Original Data [ 17287 ifIng < -114.31

0.643if Ing = -122.29 & lat = 38.49 & age =
12

381 0.6281 if lat < 38.49 & age = 20 & hh = 2.336
&3.1563 = inc < 6.184

— -0.5601 if Ing = -121.36 & 34.26 = lat =
37 37.81 & room = 4.2809

0.4285 if lat = 33.62 & hh = 3.4194 &inc =
== 19063 & room = 3.8044

£ 364 0.4142if Ing = -118.3 & lat = 37.81 & inc =
2.3504
0.3753if-118.5 = Ing = -117.88 & lat =
35 34.26 & hh =< 3.8783

0.3702if Ing = -117.24 & lat < 38.49 & beds
= 0.9663 & hh = 3.165 & inc = 5.1254

344 0.3399 if lat = 34.1 & age = 25 & beds =
0.9663 & hh = 2.5062

-0.3202 if Ing = -117.24 & lat = 34.26 & age
= 40

T T T T
—122.5-120.0-117.5-115.0
Ing

Real 1 17007 if Ing < -114.31

0.8368 if Ing = -122.29 & lat = 38.49 & age =
12

381 -0.6246if Ing = -121.36 & 34.26 < lat =
37.81 &room = 4.2809

0.544 if lat < 38.49 & age = 20 & hh = 2.336
374 =3 31563 = inc = 6.184

0.4094 if Ing > -122.251 & inc = 4.125 & room

> 37538

0.3858 if-118.5 < Ing = -117.88 & lat =
3 3226 5 hh < 3.8783

0.371ifIng = -118.3 & lat = 37.81 &inc =
35 4 23504

0.3705if Ing = -117.24 & lat < 37.81 & age =
=3 17 & hh = 2.666 & inc = 1.9063

344 0.3667 if lat = 34.1 & age = 25 & beds =
0.9663 & hh = 2.5062

0.3571if Ing = -117.24 & lat = 38.49 & beds
= 0.9663 & hh = 3.165 & inc = 5.1254

T T T T

—122.5-120.0-117.5-115.0
Ing

Harmonic [ 2.0035ifIng =< -114.64

38 -0.6403 if lat < 34.617 & age = 40 & beds =

1.1062 & room = 3.709

0.6105 if -120.573 = Ing =< -118.468 & age =

36 & 1069 = pop = 2158.3

371 f— 0.4217 if lat = 37.95 & 27 = age =< 40 &inc
= 4.5776 & room = 3.709

0.345 if lat = 37.39 & 16 = age =< 36 & 1.0645
< beds =< 1.1062

= 36 .
Y 0.3415 if lat = 37.95 & 1.4447 < inc = 5.3965

& pop = 2158.3 & room = 4.3568
-0.3117 if lat = 33.91 & age = 25 & beds =
1.1824 & pop = 1392.9 & room = 3.709
-0.2771if Ing = -119.785 & inc = 2.3607 & pop
= 1217.4

0.2737if -120.134 = Ing = -119.054 & age =
344 16 & beds = 1.0317

-0.2492 if lat = 35.362 & beds = 1.0165 & hh
= 1.9196 & 550 = pop = 2158.3

351

-120 -118 -116
Ing
Great

1 1.7535if Ing < -114.31
02289 if lat = 33.74 & hh = 2.3509 & inc = 2

-0.11if 33.97 = lat = 37.31 & age = 15 & beds
= 0.9856 & hh = 3.5827

38

371 [ -0.1037 if Ing < -118.47 &inc =< 4.2428

-0.1007 if 33.74 =< lat = 37.75 & hh = 2.3509 &
- 3.153 = inc = 5.7386

0.0985if Ing = -117.24 & lat < 38.49 & beds =
0.9663 & hh = 3.165 & inc = 5.1254

354 0.0832 if lat = 33.62 & hh = 3.4194 & inc = 1.9063
&room = 3.8044

M 0.0761f-118.5 < Ing < -117.88 & lat < 34.26 &
34 1 hh < 3.8783
i 0.0658 if lat < 38 & beds =< 1.1003 & inc = 2
T T
-118 -116 -114

Ing

TVAE

39.0 1
=1 3.011if Ing = 179.9903
o
© 38.5 02978 if lat = 38.49 & age = 20 & hh = 2.336 &
3.1563 = inc = 6.184
38.0 1
37.5
179 180
Ing
CTGAN [ 2.0661 if Ing < 179.0824
80 -0.5745 if lat = -32.1876 & age = 25 & hh = 2.7722
&pop = 613.6 & room = 6.3035
60 4 0.5426 if Ing < 70.2206 & beds = 1.0035 & hh <
2.4984 & inc = 2.451 & pop = 1478.6
40 -0.4047 if Ing = 36.8077 & age = 16 & beds <
3 11541 & pop = 446.6 & room = 6.3035
20 -0.4019if Ing < -4.174 &age < 44 & inc = 3.3252
=3 & pop = 2056.2 & room = 6.3035
-
& 0 0.3809 if lat = 21.4209 & 1.0208 < beds = 1.1071 &
room = 4.0041
—20 -0.3582if Ing = -112.5992 & beds = 1.1541 & room
< 7.3134
—40 -0.3557 if Ing = 36.8077 & lat = 3.3446 & age = 33
= s beds = 1.1071 & hh = 3.8908
—~60 03434 if Ing < -112.5992 & lat < 72.1036 & beds =
1.0035 & pop = 1735.3 & room = 4.0041
-0.3397 if lat < 39.14 & beds < 1.0827 &hh =
== 33828 & inc = 6.3683
0 20
Ing

Figure 4: Visualization of the additive rule ensembles
trained on original and synthetic data of California.

J Example of Rule set

Additive rule ensembles for California dataset gen-
erated by the original data.

+1.7287 if longitude<-114.31

+0.9284 if median_income>6.184 &
total_rooms>3.8044

+0.643 if housing_median_age>12 &
latitude<38.49 & longitude<-122.29

+0.6281 if households<2.336 &
housing_median_age>20 & latitude<38.49
& 3.1563<median_income<6.184

-0.5601 if 34.26<1atitude<37.81 & longitude>-
121.36 & total_rooms>4.2809

+0.4285 if households<3.4194 &
latitude<33.62 &  median_income>1.9063
& total_rooms>3.8044

+0.4253 if median_income>3.1563 &
total_rooms>6.9697

+0.4142 if latitude<37.81 & longitude<-118.3
& median_income>2.3504

+0.3753 if households<3.8783 &
latitude<34.26 & -118.5<longitude<-117.88

+0.3702 if households<3.165 & latitude<38.49
& longitude<-117.24 & median_income>5.1254
& total_bedrooms>0.9663

+0.3399 if households<2.5062 &
housing_median_age>25 &  latitude<34.1
& total_bedrooms>0.9663

-0.3202 if housing_median_age<40 &
latitude<34.26 & longitude>-117.24

-0.3073 if households>2.0738 &
median_income<3.986
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Orignial Data
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Figure 5: The outputs of the additive rule ensembles
trained on the original California data and the data syn-
thesized by CTGAN, GReaT and TVAE.

+0.2964 if households<2.666 &
housing_median_age>17 & latitude<37.81
& longitude<-117.24 & median_income>1.9063

+0.2849 if 34<latitude<37.48 & longitude<-
117.88

-0.2731 if latitude>36.64
121.98<longitude<-118.3

& -

-0.2701 if median_income<2.7486 &
total_rooms>3.8044
+0.2613 if households<2.978 &

median_income>4.4606 & population>503.8
-0.2401 if households>2.0738 & latitude>33.86
& longitude>-119.888 & population<2527.4 &
total_rooms<6.2821
+0.1771 if  median_income>3.558
population<2527.4 & total_rooms>5.5333

&

Rule ensemble for synthesis data generated by
REAL:

+1.7007 if longitude<-114.31

+0.8368 if housing_median_age>12 &
latitude<38.49 & longitude<-122.29

+0.7458 if median_income>6.184 &
total_rooms>3.8044
+0.6954 if housing_median_age>52 &

median_income>2.7196 & population<2737.1
-0.6246 if 34.26<1latitude<37.81 & longitude>-
121.36 & total_rooms>4.2809
+0.544 if households<2.336

& &

housing_median_age>20 & latitude<38.49
& 3.1563<median_income<6.184

+0.4094 if longitude>-122.251 &
median_income>4.125 & total_rooms>3.7538

+0.3929 if median_income>3.1563 &
total_rooms>6.9697

+0.3858 if households<3.8783 &

latitude<34.26 & -118.5<longitude<-117.88

+0.371 if latitude<37.81 & longitude<-118.3 &
median_income>2.3504

+0.3705 if households<2.666 &
housing_median_age>17 & latitude<37.81
& longitude<-117.24 & median_income>1.9063

+0.3667 if households<2.5062 &
housing_median_age>25 & latitude<34.1
& total_bedrooms>0.9663

+0.3571 if households<3.165 & latitude<38.49
& longitude<-117.24 & median_income>5.1254
& total_bedrooms>0.9663

+0.3495 if 34<latitude<37.48 & longitude<-
117.88

-0.3492 if median_income<3.1535 &
total_rooms<7.0783
+0.3254 if households<3.4194 &

latitude<33.62 &
& total_rooms>3.8044
+0.3002 if households<2.978
median_income>4.4606 & population>503.8
-0.263 if households>2.0738 & latitude>33.86
& longitude>-119.888 & population<2527.4 &
total_rooms<6.2821
-0.2629 if latitude>34.19 & longitude<-118.31
& median_income<5.4797 & population<1694.8
-0.26 if households>1.9689 &
median_income<6.7892 &  population>906
& total_rooms>3.7538

median_income>1.9063

&

Rule ensemble for synthesis data generated by
Harmonic:

+2.0035 if longitude<-114.64

-0.6403 if housing_median_age<40 &
latitude<34.617 & total_bedrooms<1.1062 &
total_rooms<3.709

+0.6105 if housing_median_age>36
& -120.573<longitude<-118.468 &
1069<population<2158.3

+0.4217 if 27<housing_median_age<40 &
latitude<37.95 & median_income>4.5776 &
total_rooms>3.709
-0.3886 if households<2.2097

housing_median_age>23 &
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1.9583<median_income<4.5776 &

population<1392.9

-0.3676 if households>1.9196
& housing_median_age<23 &
1.0317<total_bedrooms<1.1824 &

total_rooms<5.0182

+0.345 if 16<housing_median_age<36
& latitude<37.39
1.0645<total_bedrooms<1.1062

+0.3415 if latitude<37.95 &
1.4447<median_income<5.3965 &
population<2158.3 & total_rooms<4.3568

-0.3117 if housing_median_age<25 &
latitude>33.91 &  population>1392.9 &
total_bedrooms<1.1824 & total_rooms>3.709

+0.2906 if households<2.9718
& median_income>1.4447 &
1.0829<total_bedrooms<1.1824 &
total_rooms>3.709

-0.2771 if longitude>-119.785 &

median_income<2.3607 & population<1217.4

+0.2737 if housing_median_age>16
& -120.134<longitude<-119.054 &
total_bedrooms<1.0317

-0.2492 if households>1.9196 &

latitude<35.362 & 550<population<2158.3
& total_bedrooms>1.0165

-0.2253 if households>1.9196 &
20<housing_median_age<36 & longitude<-
119.785 & population<1069

-0.2238 if households<3.2168 &
housing_median_age>27 & latitude>34.617
& longitude>-120.573 & total_bedrooms<1.1824

+0.217 if households<2.632 & longitude<-

118.05 & median_income>1.9583 &
population>185.8 & total_bedrooms<1.1824
-0.1933 if latitude>35.875 &
median_income<2.7404
-0.1772 if households<3.4642 &

20<housing_median_age<36 & latitude>34.18
& total_rooms<5.621

-0.1705 if median_income<3.1542

-0.0713 if households>2.5199 &
housing_median_age<27 & population>185.8 &
3.709<total_rooms<7.0137

K Use of AI Tools for Grammar
Checking and Editing

We used Al-based writing assistance tools solely
for language-level support, including grammar cor-
rection, spelling, punctuation, and minor phrasing

edits to improve clarity and readability. These tools
were not used to generate new scientific content,
design experiments, derive theoretical results, write
proofs, create or modify data, or produce model out-
puts. All technical claims, methodological descrip-
tions, equations, and conclusions were authored
and verified by the authors. After applying Al-
suggested edits, the authors reviewed and manually
validated all changes to ensure accuracy, preserve
the intended meaning, and maintain an appropriate
academic tone.

43073

20



Credit amount

Credit amount

Credit amount

Credit amount

Credit amount

Original Data

10000

8000

6000

4000

2000

0.7512 if Credit = 1730.75, Age =31, Existing =2
House # A15, Bonds # A65

—0.7119 if Credit = 1382, House = A15

Status = A94, Bonds = A61

Check =A14

—0.5787 if Month = 9.85, Age = 24, Property # A12
Purpose # A48, Bonds = A62

—0.4781 if Credit = 1382, 26 <Age =< 39, Status = A91
Check = A13

—0.4666 if Month < 30, Credit <9277.3, History & {A30
A31}, Purpose # Ad6

0.4159 if Month = 24, Install <3, House = A15
Job=A17, Employ = A74

0.3955 if Month = 9, History = A34
Purpose # A41, Bonds = A63
Check = A13

0.3586 if Month = 15, Install = 3, Residence = 2
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0.3131 if Month =< 48, Credit =709, Age <48
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—0.6792 if Month = 20, Credit <4337, Age =41
foreignworker A201 = 1, Bonds # A64
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House = A15, Employ = A75
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—0.5131 if Month <15, Age = 25, History = A30

6000 -

Purpose # A49, Check = Al4

—0.4342 if Credit = 7378.2, Install <2, Existing =2
History # A32, Bonds # A62

0.4101 if Month = 18, Age <29, Residence =2

4000 -
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0.3927 if Month <9, Credit=1002.4, Age <49
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Figure 6: Visualization of the additive rule ensembles
trained on original and synthetic data of German.
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Figure 7: The outputs of the additive rule ensembles
trained on original and synthetic data of German.
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Figure 8: Visualization of the additive rule ensembles
trained on original and synthetic data of Abalone.

Figure 9: The outputs of the additive rule ensembles
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Figure 10: Visualization of the additive rule ensembles

trained on original and synthetic data of Diabetes.
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Figure 11: The outputs of the additive rule ensembles

trained on original and synthetic data of Diabetes.
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Figure 13: The outputs of the additive rule ensembles
trained on original and synthetic data of Adult.
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Figure 12: Visualization of the additive rule ensembles
trained on original and synthetic data of Adult.
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