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ABSTRACT OF THE THESIS

Toward an Auto-Synthesizer: Stress-Aware Selection and Recommendation of Deep

Tabular Generative Models

by

Hochan Son
Master of Applied Statistics & Data Science
University of California, Los Angeles, 2026
Professor Guang Cheng, Chair

Deep generative models for tabular data — GANS, variational autoencoders, diffusion mod-
els, and LLM-based generators — exhibit highly non-uniform behavior across datasets: the
best-performing family depends on distributional stressors such as long-tailed marginals,
high-cardinality categoricals, Zipfian imbalance, and small-sample regimes. While auto-
mated machine learning resolved the analogous selection problem for supervised learning a
decade ago, tabular synthesis still lacks an “Auto-Synthesizer”: its libraries standardize and
benchmark generators but leave the question of which model to use to the practitioner, for
whom evaluating every candidate — training, sampling, and scoring each under competing
objectives of fidelity, privacy, and utility — is prohibitively expensive. This thesis studies
intent-conditioned tabular synthesis selection and answers it with a two-system framework.
Table-Synthesizers, the generation and measurement substrate, unifies 19 published gener-
ators behind a single interface and manufactures the empirical ground truth against which
any selector must be judged. SYNTHONY, the selection layer, introduces stress profiling

— a synthesis-specific, interpretable meta-feature representation quantifying dataset diffi-
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culty along four failure-mode-aligned dimensions — and matches stress profiles against a
measurement-grounded, Bayesian-calibrated capability registry to rank candidates without
training a single generator at inference time. Across a benchmark of 7 datasets, 10 synthe-
sizers, and 3 user intents, stress-based meta-features prove highly predictive of synthesizer
performance: an oracle-informed nearest-neighbor reference attains 0.578 held-out Spearman
rank correlation against intent-specific oracles, which this thesis independently reproduces
(0.581) from the recovered evaluation matrix. The deployable zero-shot selector attains a re-
ported 0.573 — within 0.005 of that reference at nine held-out pairs, a gap far smaller than the
coarse granularity the sample size supports — while training no generator at inference time,
remaining per-dimension inspectable and extensible to newly registered generators without
benchmark reruns; independently reproducing that figure awaits recovery of the selector’s
calibrated parameters from the original pipeline. Ablations show dataset stress profiling
is the load-bearing component, and that freeing all registry parameters overfits at current
ground-truth scale — motivating the framework’s re-runnable calibration pipeline. The re-
produced selection signal is robust to the definition of the third intent, holding (Spearman
0.52-0.58) whether downstream quality is measured by latency or a train-on-synthetic—test-
on-real utility oracle. The thesis closes by specifying, at task granularity, the remaining
distance to a closed-loop Auto-Synthesizer that executes, evaluates, and learns from its own

recommendations.
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CHAPTER 1

Introduction

1.1 What is Synthetic Data Generation?

Synthetic data generation is the construction of artificial records that preserve the statistical
structure of a real dataset — its marginal distributions, inter-feature dependencies, and
predictive relationships — without reproducing the real records themselves [JSH22|. The
practice today spans modalities — text and code synthesis via large language models form
their own active line [NDT25], with their own evaluation challenges [CIL25] — but this thesis
addresses the tabular case, where the stakes of consequential decision-making and regulation
concentrate. Formally: given a private dataset D drawn from an unknown distribution p(x),
a generative model is fit to approximate p, and a synthetic dataset D’ is sampled from the
fitted model. The value proposition is that D’ can stand in for D in analysis, model training,

testing, and sharing, while the sensitive originals never leave custody.

The idea is older than the deep learning era that popularized it. It originates in statistical
disclosure control: Rubin [Rub93] proposed, in the Journal of Official Statistics, releasing
fully synthetic public-use microdata generated by multiple imputation — treating every
value as “missing” and imputing all of it from a model fit on the confidential data — so that
no original record is ever released. Little [Lit93] proposed the partially-synthetic variant
(imputing only the sensitive variables), and a decade later Raghunathan, Reiter and Rubin
[RRRO3| and Reiter |[Rei03] gave the approach the rigorous inferential foundation that let

national statistical agencies actually deploy it. Synthetic data is thus not a by-product of



generative Al; generative Al is the latest — and most capable — instrument applied to a

three-decade-old statistical problem.

It is worth distinguishing synthesis from its nearest neighbor, anonymization.
Anonymization transforms real records (masking, generalization, suppression) and has
repeatedly proven fragile to linkage and re-identification attacks; synthesis generates new
records from a learned distribution, shifting the privacy question from “can this row be
linked back?” to “how much does the model memorize?” [SOT22] — a question this thesis
returns to repeatedly, since memorization risk is precisely what makes model selection
consequential on small datasets. (Adversarial quantification of that risk — membership-
inference and related attacks — is out of scope for this thesis, which uses the benchmark’s

distance-based privacy proxy throughout.)

1.2 What is the Purpose of Tabular Synthetic Data Generation?

Tabular data — rows of mixed continuous and categorical features — is the dominant data
format of consequential decision-making: electronic health records, financial transactions,
insurance claims, administrative registers, advertising and customer-relationship data. Re-
cent surveys — general [BTS24] and tabular-specific [SWD25] — justify the tabular focus on
exactly these grounds: widespread use in critical decisions, complex feature dependencies,

and pressing privacy demands in regulated industries. The main purposes cluster into five:

1. Privacy-compliant data sharing in regulated sectors. Healthcare (HIPAA), fi-
nance (GLBA, PCI-DSS), government statistics, and any cross-border data flow under
GDPR/CCPA. Synthetic counterparts let hospitals share EHR-like data for research
(training predictive diagnostic models without exposing patients — [YZN24]), let sta-
tistical agencies publish census-like microdata (the original Rubin use case), and let

advertisers and platforms share audience-level data without individual-level exposure.



2. Data augmentation and class-imbalance repair. Fraud detection, rare-disease
cohorts, and manufacturing defect data are all label-starved in exactly the class that
matters; conditional synthesis oversamples the minority regime (the lineage running
from SMOTE, [CBHO02], to conditional deep generators; surveyed for the rare-event
case by [GZW25] — whose framing of long-tail generation failure is the survey-level

counterpart of this thesis’s Zipfian stress dimension, §3.3.1).

3. Model stress-testing and scenario generation. Financial institutions generate
realistic transaction data to stress-test risk models and fraud systems against regimes
absent from history — e.g., synthetic transaction series for fraud-model stress test-
ing, retail analytics, and advertising “data clean rooms” for privacy-safe cross-party

collaboration (use-case coverage: [BTS24]; [SWD25]).

4. Software development and testing. Realistic-but-fake data for development, stag-

ing, and QA environments where production data is contractually or legally off-limits.

5. Al training-data scarcity. As a supply of training data for machine learning where
real data is scarce, siloed, or too expensive to label — increasingly relevant as data-

hungry models meet data-protection law.

1.3 What is the Current Revolution in Tabular Synthetic Data

Generation?

The field’s history reads as four waves, each changing what “a generative model of a table”

means:

Wave 1 — statistical synthesis (1993-2015). Multiple-imputation synthesis
([Rub93]), sequential CART synthesis ([Rei05]; synthpop, [NRD16]), Bayesian networks
[ZCP14], and Gaussian copulas ([PWV16]; [SkI59]). Interpretable, fast, and — as this

thesis’s benchmark repeatedly finds — still highly competitive on moderate-sized data.



Wave 2 — deep generative adaptation (2017-2021). GANs and VAEs adapted to
the pathologies of tables: CTGAN and TVAE [XSC19] introduced mode-specific normaliza-
tion and training-by-sampling to survive multimodal numerics and imbalanced categoricals;
PATE-GAN ([JYS19]) and PATECTGAN grafted differential privacy onto adversarial train-
ing.

Wave 3 — diffusion and latent-space generation (2022-2024). TabDDPM
[KBR23| brought cascaded Gaussian/multinomial diffusion to mixed types; TabSyn [ZZS24]
moved diffusion into a VAE-crafted latent space; TabDiff ([SXH25]) added per-column
learnable noise schedules. Diffusion models currently define state-of-the-art fidelity on large

mixed-type tables (perspective: [Zhu24]).

Wave 4 — language models and foundation models (2022-). GReaT [BSL23]
serializes rows to text and fine-tunes a pretrained LLM; REaL.TabFormer [SD23] extends the
approach to relational pairs; and TabPFN-based generators ([HME23]; TabPFGen, [MDS24])
generate through a pretrained prior with no per-dataset gradient training at all. (This wave
also brings new memorization surfaces of its own — noted here for completeness, but out of

scope for this thesis.) In parallel, a differential-privacy line matured independently (AIM,
[IMMS22]).

And the accumulation has not stopped: reinforcement-learning-based synthesis is emerg-
ing as a fifth line — ReTabSyn [LKL26|] optimizes realism as a reward signal — a reminder
that any selection framework must expect its candidate pool to keep growing (a design

requirement this thesis takes seriously; see the registry-extension property of §3.4.2).

The “revolution,” then, is not any single architecture but the accumulation of them: a
practitioner in 2026 faces at least five architecturally incommensurable families, each with
regimes of genuine superiority and documented failure modes. Recent comparative surveys
[BTS24, SWD25] confirm what this thesis’s benchmark also finds: rankings are unstable
across datasets and evaluation objectives, and no family dominates. The revolution created

the selection problem.



1.4 What are the Tabular Synthetic Data Models?

(Condensed inventory; the full mechanism-level descriptions live in Methodology §3.2.2. This
thesis’s infrastructure layer, Table-Synthesizers, wraps 19 of these behind one interface; 15

are registered for selection; 10 constitute the evaluated benchmark pool.)

Table 1.1: Model families of the implemented pool with representative references.

Family Models (this thesis’s pool) Representative reference
Baseline Identity —

Statistical / resampling CART, SMOTE, GaussianCopula  [Rei05]; [CBHO02|; [PWV16]
Probabilistic graphical BayesianNetwork [ZCP14]

GAN CTGAN, PATECTGAN [XSC19); [JYS19)

VAE TVAE, LTM-VAE [XSC19]; (internal)
Diffusion TabDDPM, TabDiff IKBR23]; [SXH25]
Latent hybrid (VAE+diffusion) TabSyn, AutoDiff [2ZS24]; [SLH23]
Normalizing flow NFlow [PNR21]

Tree-based adversarial ARF [WBK23]

LLM-based GReaT [BSL23]
Foundation-model in-context TabPFGen IMDS24]

DP mechanisms AIM, DPCART [IMMS22]

Implementation-status disclaimer. The table above lists only the models actually
implemented in Table-Synthesizers (and, per the 19/15/10 note, not all of those are selectable
or benchmarked). Every other generator named in this thesis — REaLTabFormer (§1.3)
and ReTabSyn (§1.3, Chapter 6) — is cited for reference and context only: neither is
implemented, wrapped, evaluated, or selectable in either Table-Synthesizers or Synthony as

of this writing. No experimental claim in this thesis rests on either.



1.5 Why Build a Training and Evaluation Framework — Toward

an Auto-Synthesizer

The central claim of this thesis, inherited from the SYNTHONY paper [SLN26]: the bot-
tleneck in tabular synthesis is no longer access to generative models but the
selection of them. Figure [1.1] states the situation the argument responds to; four obser-

vations then compose it:

Oracle-best model per dataset x intent — 9 distinct winners
(10 evaluated models, Identity excluded; privacy/fidelity/latency triple)

IndianLiverPatient ___

Privacy Fidelity Latency
(PCR, lower better) (Column Shape, higher better) (seconds, lower better)

Figure 1.1: Oracle-best model per dataset and intent, computed from the benchmark evalu-
ation matrix (ten evaluated models, Identity excluded; privacy/fidelity /latency triple). Nine
distinct winners across the 21 cells: no single model dominates. The latency column is uni-
formly CART — it trains in near-zero time — whereas the privacy column is maximally

diverse, the pattern that motivates intent-conditioned selection.



1. Non-uniform behavior is systematic, not noise. The best-performing family
depends strongly on measurable distributional stressors — long-tailed marginals, high-
cardinality categoricals, Zipfian imbalance, small-sample regimes — each of which
names a documented failure mechanism (mode collapse: [MGNIS§|; tail-category era-
sure: [New(b]; memorization/leakage: [SOT22]). Figure makes this concrete:
across seven datasets and three intents, nine distinct models are oracle-best, with

none dominating. Selection is therefore predictable from dataset properties.

2. Selection is risky when uninformed. An untuned complex model (e.g., a GAN
destabilized by mode collapse) can underperform a simple, well-tuned baseline — the
practitioner’s intuition that “newer is better” is exactly wrong often enough to be

dangerous.

3. Existing tooling standardizes but does not decide. SDV [PWV16] and SynthC-
ity [QCS23] unify APIs and benchmarking; tuning-integrated tools (SynMeter, [DL24];
STNG, [RAR24]) close the hyperparameter loop — yet all leave which model to the
user. Supervised learning has had an answer to the analogous problem for a decade
(auto-sklearn, [FKE15]; AutoGluon, [EMS20]); synthesis lacks an “Auto-Synthesizer”
paradigm. The selection question has been posed before in a narrower form: Cheng
et al. [CWP22| studied generative-model selection for synthetic training data in the
specific setting of downstream fraud-detection utility — this thesis generalizes that
question from one downstream task to arbitrary datasets and intents, and from post-

hoc comparison to predictive, profile-driven selection.

4. The evaluation cost structure forbids brute force. The oracle answer — train
every candidate, evaluate all of them, pick the winner — costs a full factorial sweep per
dataset, and the “correct” answer additionally depends on the user’s intent (privacy

vs. fidelity vs. utility), which reweights the metric vector per deployment.

The response is the two-system framework this thesis builds and the title names. Table-
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Synthesizers supplies the training and evaluation half: 19 generators behind one interface,
measured by one code path, producing the empirical ground truth that any honest selector
must be calibrated against. SYNTHONY supplies the recommendation half: stress profil-
ing as a synthesis-specific meta-feature representation, a calibrated capability registry, and
intent-conditioned scoring that approximates the oracle at zero generators trained per query.
Together they are a step toward an Auto-Synthesizer — the qualifier is deliberate, and §1.6

states what remains.

1.6 What is the Future of the Synthetic Data Generation Frame-

work?

The framework in this thesis selects, and its infrastructure trains and evaluates — but the
loop between them is still closed by hand: benchmarks are run offline, the registry is cali-
brated in batch, and a recommendation, once issued, does not observe its own consequences.
The natural end state is agentic: a selector that recommends, executes its recommendation
(training under subprocess isolation with real cancellation), benchmarks the result, iterates
on quality shortfall, and deposits every outcome into a store that continuously recalibrates
the registry it recommends from — converting selection from a one-shot prediction into a
bounded, self-improving search. Beyond the single loop, the same recommendation machin-
ery generalizes to multi-agent settings, where a selection service advises other autonomous
agents on their own decision points (which tool, which workflow, which model) — a different
decision domain sharing the same capability-matching core. Two cautions accompany that
future: closed loops that train on their own synthetic output risk recursive degradation —
the model-collapse phenomenon ([SSZ24]) — and agentic tool-using systems introduce fail-
ure modes of their own, from silent mid-trace errors to adversarial exploitation of tool-call
provenance, so an agentic Auto-Synthesizer must be evaluated as an agent, not just as a

ranker. At the time of the underlying paper’s publication, none of this was implemented;



the design, its preconditions, and the parts since prototyped are treated in the Future Work
chapter (Chapter 6), which this introduction only gestures at. The thesis’s contribution is
the foundation that makes that future work well-posed: the components are built, measured,

and calibrated — what remains is the loop.

1.7 Contributions and Thesis Organization

This thesis makes five contributions:

1. Problem formulation and evaluation protocol. We pose intent-conditioned
tabular synthesis selection as an instance of the classical Algorithm Selection Problem
[Ric76], formalize its oracle, and establish an evaluation protocol grounded in the
algorithm-selection tradition — Top-K accuracy, Spearman rank correlation, and
NDCG against intent-specific oracles — rather than the leaderboard tradition of

synthesis benchmarking.

2. Stress profiling as a synthesis-specific meta-feature representation. Four
interpretable dataset-difficulty dimensions, each tied to a documented generative failure
mechanism, and empirical evidence that they carry learnable selection signal (a meta-

feature kNN reaches 0.578 held-out Spearman against the oracle).

3. A two-system, contract-coupled framework. Table-Synthesizers — 19 pub-
lished generators unified behind one interface and one evaluation code path — as the
ground-truth-manufacturing substrate, and SYNTHONY — a measurement-grounded,
Bayesian-calibrated capability registry with intent-conditioned scoring — as a zero-shot
selector; the two coupled by a thin, auditable file contract so that the selector trains no

generator at inference time and extends to new generators without benchmark reruns.

4. Cross-family empirical analysis with a transparent validity audit. A bench-

mark across 7 datasets, 10 synthesizers, and 3 intents showing that the calibrated selec-
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tor nearly matches an oracle-informed reference (0.573 vs. 0.578 Spearman); ablations
locating the load-bearing component (stress profiling) and an honest negative result
(intent scaling overfits at current ground-truth scale); a consolidated threats-to-validity
disposition (Experiments §5.10) that resolves, rather than inherits, the reporting issues
identified in the underlying publication; and a split-sensitivity analysis (§5.12) that re-
establishes the finding under leave-one-dataset-out cross-validation and across all 35

possible dataset-level splits.

5. A task-granular roadmap toward the closed loop. A future-work program
(Chapter 6) specifying, with per-package tasks and validation gates, the remaining
distance to an Auto-Synthesizer that executes, evaluates, and learns from its own rec-

ommendations.

Relationship to the prior publication. The empirical numbers in Chapters 3 and
5 — the benchmark tables, the SF-only/Joint comparison, the ablation and meta-predictor
results — are transcribed from the underlying SYNTHONY paper [SLN26] (ICLR 2026
DeLTa Workshop) and are labeled as such throughout; this thesis makes no new claim about
the published system beyond the clearly-labeled reproduction and robustness analyses it
runs itself (§5.11, §5.12), which are reported as its own results and never substituted for the

published ones.

What is original to this thesis is: (a) the consolidated threats-to-validity audit (Experi-
ments §5.10) that resolves, rather than merely inherits, the paper’s own reporting issues; (b)
a deeper methodological exposition reconciling the published method description against the
shipped implementation, including discrepancies the paper does not disclose (Methodology
§3.3.2; §5.10 item I); (c¢) the live, end-to-end case-study captures of Appendix A, which the
paper does not contain; (d) the reproduction of the oracle-derived rows from the recovered
evaluation matrix, which settles the third-intent question in favour of latency (§5.11); (e) a

leave-one-dataset-out cross-validation and an exhaustive enumeration of all 35 dataset-level
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splits (§5.12), establishing that the published single-split result is not an artifact of its split;

and (f) the task-granular future-work roadmap of Chapter 6.

This draft additionally closes three items that were open as of the most recent internal
audit: the faults dataset’s feature-count range is corrected to 6-34 by directly verifying
column counts across every benchmark artifact (Methodology §3.2.4; §5.10 item D); the
apparent 54-versus-78 parameter inconsistency and the Table-1-versus-Table-4 number mis-
match are resolved by direct verification against the published PDF — the published paper
contains only the 78-parameter configuration and its two tables agree exactly, both appar-
ent inconsistencies tracing to superseded internal drafts (§5.10 items B-C); and a gap not
previously stated in the paper or its critique — that the calibrated scale factors behind the
headline SF-only result (0.573) are absent from the committed repository — is now disclosed
explicitly as validity-audit item J. It also corrects three references carried over from the pa-
per’s reference list that do not match the publisher record, and re-points the two claims the

thesis had rested on them (§5.10 item K).

Where a claim in this thesis differs from a claim in the paper — e.g., the third-intent
identification of §5.11, corrected here to latency — the difference is stated explicitly and

traced to its evidence, not silently substituted.

Organization. Chapter 2 positions the work against generative models, synthesis li-
braries, and algorithm selection. Chapter 3 presents the methodology: the two-system ar-
chitecture’s conceptual pipeline, stress profiling, capability scoring, and calibration. Chapter
4 details the system architecture and the data contract between the two systems. Chapter
5 reports the empirical evaluation, ablations, and validity audit. Chapter 6 specifies future

work, and Chapter 7 concludes.
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CHAPTER 2

Related Work

2.1 Generative Models for Tabular Data

Tabular synthesis predates deep learning by two decades. The statistical-disclosure-control
lineage — fully synthetic microdata via multiple imputation |[Rub93|, partially synthetic
variants |Lit93], and the inferential foundations that made them deployable at statistical
agencies [RRR03, [Rei03] — established both the problem framing and the first generation
of methods: sequential CART synthesis [Rei05, NRD16], Bayesian networks [ZCP14], and

copula models coupling per-column marginals through Sklar’s theorem [Sk159, PWV16].

The deep generative era adapted general-purpose architectures to tabular pathologies.
CTGAN and TVAE [XSC19| confronted multimodal numerics and imbalanced categoricals
with mode-specific normalization and training-by-sampling; PATE-GAN [JYS19] composed
adversarial training with differential privacy. Diffusion models [HJA20] arrived via TabD-
DPM’s cascaded Gaussian/multinomial processes [KBR23]|, latent- space variants that decou-
ple mixed-type encoding from score-based generation (TabSyn, [Z2ZS24]; AutoDiff, [SLH23]),
per-column noise scheduling (TabDiff, [SXH25]), and normalizing-flow alternatives with ex-
act likelihood [PNR21]. Tree-based adversarial methods (ARF; [WBK23|) achieve compet-
itive density estimation with no neural network at all. Language-model-based generation
serializes rows to text (GReaT, [BSL23]; REaLTabFormer, [SD23]), foundation-model ap-
proaches sample through pretrained priors without per-dataset training (TabPFN, [HME23];

TabPFGen, [MDS24]), and reinforcement-learning formulations are emerging (ReTabSyn,
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[LKL26]). A separate differential-privacy line matured around workload-adaptive marginal
measurement (AIM, [MMS22]), and SMOTE-style interpolation [CBH02] persists as a fast
resampling baseline. Diffusion-centric and general overviews of this landscape appear in
[Zhu24], [BTS24], and — tabular-specifically — [SWD25]; rare-event generation, the regime

behind two of this thesis’s four stress dimensions, is surveyed by [GZW25].

Positioning. This thesis contributes no new generator. Its claim is that the architectural
diversity above is itself the problem: each family has regimes of genuine superiority and
documented failure mechanisms — mode collapse under adversarial training [MGNIS], tail-
category erasure under power-law categoricals [New(5], memorization in low-sample regimes
[SOT22] — and no family dominates. Where a new-generator paper argues “our architecture
wins,” this thesis asks the orthogonal question: given that no architecture wins everywhere,

which one should this dataset and this intent get?

2.2 Synthesis Libraries, Benchmarking, and Evaluation

A second body of work standardizes rather than generates. SDV [PWV16] established the
unified-API pattern for tabular synthesis; SynthCity [QCS23] extended it across modalities
with integrated benchmarking. Evaluation-focused efforts formalize what “good synthetic
data” means: SynMeter [DL24] couples principled fidelity/privacy/utility assessment with
tuning; STNG [RAR24] integrates hyperparameter search into the evaluation loop; domain-
specific evaluation frameworks exist for health records [YZN24] and beyond tables entirely
[CIL25]. The TSTR paradigm — train on synthetic, test on real [EHR17] — remains the

standard utility instrument, and this thesis adopts it unchanged.

Positioning. The infrastructure half of this thesis (Table-Synthesizers, Methodology
§3.2) belongs squarely to this family: 19 generators behind one fit/sample interface, mea-
sured by one code path. The difference is what sits on top. Every system above leaves the

selection decision to the user — SDV and SynthCity offer catalogs, SynMeter and STNG
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optimize a chosen model’s hyperparameters, but none answers “which model?” This thesis
treats the standardized library not as an end product but as the ground-truth factory for
an automated selector: the benchmark output that other work presents as leaderboards be-
comes, here, calibration signal (Methodology §3.2.4). To our knowledge, no prior synthesis

library closes this loop.

2.3 Meta-Learning and Algorithm Selection

Choosing an algorithm from instance features is a formalized problem with a fifty-year history
[Ric76], made unavoidable in principle by no-free-lunch results [WM97], and made practi-
cal in supervised learning by AutoML: meta-feature-driven warm-starting in auto-sklearn
[FKE1L5], robust ensembled defaults in AutoGluon [EMS20], and a mature meta-feature
literature [Van19, RGS22] supported by shared experiment infrastructure [VRB13]. Model-
based hyperparameter optimization [BBBI11] — which this thesis repurposes for registry
calibration — and bandit-based exploration [RVKI18] — which Future Work §6.1 targets —

come from the same tradition.

For synthesis selection specifically, the cupboard is nearly bare. Recent surveys con-
sistently identify it as open: synthesizer rankings shift with compute budget and offer no
predictive mechanism [KRF25], practitioners must manually interpret benchmark results
[DWP25], and the best available guidance is qualitative [DGP25]. The closest prior work is
that of Cheng et al. [CWP22], who compared generative models for synthetic training data
under a single downstream objective (fraud-detection utility) — post-hoc comparison in one

fixed setting, rather than predictive selection across datasets and intents.

Positioning. This thesis ports the Rice framework to synthesis with two adaptations the
supervised setting does not need. First, synthesis-specific meta-features: generic AutoML
meta-features predict supervised learnability, but synthesizer failure is driven by distribu-

tional stressors — hence stress profiling (Methodology §3.3.1), four interpretable dimensions
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each tied to a documented failure mechanism. Second, intent conditioning: in supervised
learning the objective is fixed by the task, whereas a synthesis “best model” is undefined
until the user weights fidelity against privacy against utility — hence intent-conditioned
scale factors (§3.3.3). The evaluation design follows the algorithm-selection tradition (or-
acle regret, rank correlation) rather than the leaderboard tradition of §2.2, which is what

distinguishes a selector from a benchmark.

2.4 Scope Boundaries with Adjacent Lines

Three adjacent literatures are deliberately out of scope, cited only where their existence
shapes a design decision. (i) Adversarial privacy evaluation — membership inference and
related attacks — is excluded per the thesis scope; the privacy oracle uses the benchmark’s
distance-based proxy throughout (Methodology §3.2.4), with attack-grounded evaluation de-
ferred to Future Work §6.5. (ii) LLM text/code synthesis [NDT25] and its evaluation [CIL25]
proceed on a parallel track; this thesis is tabular-only. (iii) Recursive-training dynamics —
model collapse when generators train on generated data [SSZ24] — becomes relevant only

for the closed-loop future system (Chapter 6), not for the one-shot selection studied here.
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Table 2.1: Positioning against adjacent lines: which systems generate, standardize, evaluate,

tune, and select.

System / line Generates  Standardizes Evaluates Tunes Selects

Individual generators yes — — — —

(§2.1)

SDV / SynthCity yes yes yes — —

SynMeter / STNG — yes yes yes —

Supervised AutoML — yes yes yes yes (supervised only)

(52.3)

Cheng et al. [CWP22] — — yes — partial (one task,
post-hoc)

This thesis yes yes yes partial yes (intent-conditioned,

(Table-Synthesizers (calibration)  zero-shot)

+ SYNTHONY)
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CHAPTER 3

Methodology

3.1 Overview and Theoretical Framing

3.1.1 The problem as algorithm selection

Our methodology is an instantiation of the Algorithm Selection Problem [Ric76], which for-
malizes selection as four spaces and two mappings: a problem space P (here: tabular datasets
paired with user intents), a feature space F (here: stress profiles, §3.3.1), an algorithm space
A (here: the generator pool G provided by Table-Synthesizers), and a performance space )
(here: intent-conditioned metric vectors). The selector is the mapping S : F — A that max-
imizes performance without exhaustively evaluating A. The no-free-lunch results for search
and optimization [WM97] supply the motivation: no single generator dominates across all
data distributions, so any fixed choice is suboptimal on some inputs, and empirically the
best model family varies with measurable dataset properties (§4 of the paper). Independent
benchmarks reach a compatible conclusion by a different route: [KREF25] finds that synthe-
sizer rankings are not budget-invariant — diffusion models lead in general, but the lead is
not significant once tuning and training are held to a common compute budget — so even a

fixed ranking is contingent on the conditions that produced it.

What distinguishes generative-model selection from the supervised AutoML setting
(auto-sklearn, [FKEI5]; AutoGluon, [EMS20]) is the cost structure of the performance
signal. In supervised learning, evaluating a candidate costs one cross-validation run and the

label is unambiguous. In synthesis, evaluating a candidate requires training the generator,

17



sampling from it, and scoring the samples along multiple partially conflicting dimensions
(fidelity, privacy, utility) — and the “label” itself depends on which of those dimensions
the user cares about. This is why our oracle (Eq. 1 below) is prohibitively expensive at
inference time, why the ground-truth corpus (§3.2.4) is small and precious, and why the
selector must be zero-shot with respect to the deployment dataset: it may consult offline

measurements, but it must not train generators on the user’s data before recommending.

3.1.2 Two systems, one dependency

The methodology therefore separates into two systems:

1. Table-Synthesizers — the generation and measurement infrastructure: the concrete
algorithm space A behind a unified interface, and the factory that manufactures the

performance space ) (the ground truth) offline.

2. Synthony — the selection layer: the feature extraction ¢ : P — F and the selection

mapping S, decomposed into Profile — Analyze — Rank — Recommend (§3.3).

The separation is methodological, not organizational. Every quantitative claim about
Synthony’s selection quality is, transitively, a claim about measurements taken on Table-
Synthesizers’ output: the selector is exactly as trustworthy as the ground truth it was cal-

ibrated against, and that ground truth is manufactured entirely by the infrastructure layer

(§3.4).
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3.2 Table-Synthesizers: Generation Infrastructure and Ground-

Truth Generator

3.2.1 Unified synthesis interface

Table-Synthesizers wraps 19 published tabular generation algorithms behind one abstract
interface (BaseSynthesizer): fit(data), sample(n), get_state()/load state(), with
automatic encoding and decoding of mixed-type pandas DataFrames (label encoding for
categoricals, model-specific transforms applied symmetrically at fit and sample time). Heavy-
weight models with fragile dependency stacks (TabSyn, TabDiff, TabDDPM) run through
subprocess isolation, so a crash or CUDA fault in one candidate cannot corrupt a benchmark

sweep.

The uniform interface is what makes a fair cross-family benchmark possible: every gener-
ator receives identical input, identical preprocessing, and produces output scored by identical
measurement code. Without this layer, per-model differences in data handling (e.g., which
encoder a GAN uses for categoricals versus how a copula discretizes them) would confound
any comparison of the generative algorithms themselves. This is the same standardization
argument made by SDV [PWV16] and SynthCity [QCS23|; the distinction (paper §2.2) is
that those libraries stop at standardization and benchmarking, whereas here the standardized

output becomes training signal for an automated selector.

3.2.2 The wrapped model families

The 19 models span every major architectural family of tabular generation. We describe
each family’s generative mechanism briefly, since the capability dimensions of §3.3.2 are
abstractions over precisely these mechanisms. (Generators cited elsewhere in this thesis but
absent from this list — REalLTabFormer and ReTabSyn — are reference-only context and

are not implemented in either system.)
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Statistical and resampling. - CART ([Rei05]; as popularized by synthpop, [NRD16]):
sequential conditional synthesis — column j is drawn from a regression/classification tree
fit on columns 1..7—1. No gradient training, near-zero latency, strong marginal fidelity on
moderate-size data. - SMOTE [CBHO2]: k-NN interpolation between existing records; tech-
nically an oversampler, included as a fast, interpolation-based baseline. - GaussianCopula
([PWV16]; Sklar’s theorem, [SkI59]): fits marginal distributions per column and couples

them with a Gaussian copula over the rank-transformed space.

Probabilistic graphical models. - BayesianNetwork [ZCP14): structure learning over
a DAG plus conditional probability tables; sampling is ancestral. Interpretable dependence

structure, but continuous columns must be discretized.

Deep generative — GANs. - CTGAN [XSC19]: mode-specific normalization (per-
column variational Gaussian mixtures) plus conditional-vector training-by-sampling to com-
bat categorical imbalance — the canonical answer to the Zipfian imbalance failure mode,
§3.3.1. - PATECTGAN (PATE framework: [PAELT]; PATE-GAN: [JYS19]): CTGAN’s
generator trained against an ensemble of teacher discriminators aggregated with differential
privacy.

Deep generative — VAEs. - TVAE [XSC19]: variational autoencoder with the same
mode-specific normalization as CTGAN; empirically the strongest latency/quality trade-off
among the deep models in our benchmark. - LTM-VAE (internal lab model, unpublished):

latent table modeling with a VAE over a learned latent space.

Deep generative — diffusion. - TabDDPM [KBR23]: denoising diffusion ([HJA20])
with Gaussian diffusion for numeric columns and multinomial diffusion for categoricals. -
TabDiff ([SXH25]; ICLR 2025): joint continuous-time diffusion with per-column learnable

noise schedules.

Deep generative — hybrid latent diffusion. - TubSyn [ZZS24]: diffusion in the

latent space of a purpose-built VAE — score-based generation decoupled from mixed-type
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encoding. - AutoDiff [SLH23]: autoencoder plus diffusion in the learned latent space, similar

decomposition.

Deep generative — flows. - NFlow (normalizing flows; [PNR21], via SynthCity):

invertible transforms with exact likelihood.

Tree-based adversarial. - ARF ([WBK23]): adversarial random forests — iterated
real-vs-synthetic forest discrimination refines a piecewise-uniform density estimate. No neu-
ral network, remarkably strong on small data (the paper’s tie-breaker rule prefers it below

500 rows).

LLM /transformer-based. - GReaT [BSL23|: rows serialized to text (“Age is 42, Sex
is male, ...”), a pretrained GPT-2-class model fine-tuned on them, generation by sampling

and parsing. Brings world knowledge; pays for it in latency.

Foundation-model in-context. - TabPFGen ([MDS24]; built on TabPFN, [HME23]):
energy-based SGLD sampling guided by TabPFN’s pretrained prior — no per-dataset gra-

dient training at all.

Differential-privacy mechanisms. - AIM ([MMS22]): workload-adaptive iterative
mechanism selecting which noisy marginals to measure under a privacy budget, generation

via probabilistic inference (Private-PGM). - DPCART: CART with differentially-private tree

pruning.

Baseline. - Identity: returns the training data unchanged — perfect fidelity, zero privacy,

the calibration anchor for both metric families.

3.2.3 Role 1: the candidate pool

Three nested model counts must be kept distinct throughout the thesis; they differ by design

maturity, not accident:

The benchmark’s N=10 pool (paper §4.1) spans four categories — differential privacy,

deep generative, tree-based, statistical — with Identity excluded as trivially perfect on fi-
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Table 3.1: Three nested model counts: what the library builds, what the registry knows,

what the benchmark evaluates.

Scope Count Members

Library can build 19 all of §3.2.2

(DEFAULT _MODELS)

Synthony’s capability registry 15 19 minus GaussianCopula,
LTM-VAE, TabDiff,
TabPFGen

Published benchmark oracle 10 AIM, DPCART - AutoDiff,

TabDDPM, TVAE, NFlow -
ARF, CART -
BayesianNetwork, SMOTE

delity and uninformative for selection. The 19—15—10 attrition is itself a finding about the

cost of ground truth (§3.4.3).

3.2.4 Role 2: ground-truth generation

Benchmark corpus. Seven public datasets sourced via OpenML [VRB13]|, chosen to spread
the four stress dimensions of §3.3.1 rather than to maximize size. Statistics below were re-

measured from the repository’s actual CSVs:

The underlying paper states the benchmark’s dimensionality range as “6-17 features.”
Every copy of faults.csv in the benchmark pipeline — the original input file and all
synthetic outputs across all three recorded benchmark trials (triall, triald, spark) —
has 34 columns, and no reduced-feature variant of faults exists anywhere in the repository.
The paper’s range is therefore corrected here to 6-34; faults was always the 34-column

dataset shown above (validity-audit item D, Experiments §5.10).

22



Table 3.2: Benchmark datasets with statistics verified from the repository data and salient

stressor annotations.

Dataset Rows Cols Types Salient stressors
IndianLiverPatient 579 11 mixed (Gender categorical; small-sample; heavy right skew in
bilirubin/enzyme assays enzyme columns
continuous)
insurance 1,338 7 mixed (sex/smoker/region skewed target (charges); small
categorical; charges
continuous)
faults (steel 1,941 34 continuous + binary fault high dimensionality; correlated
plates) indicators geometry features
Obesity 2,111 17 mixed, categorical-heavy (74  categorical interactions; synthetic
categorical) SMOTE-augmented provenance
abalone 4,177 9 1 categorical (Sex) + 8 inter-feature correlation
continuous (weights/dimensions nearly
collinear)
wilt 4,839 6 5 continuous + binary class severe class imbalance (Zipfian on
the label)
Bean (dry bean) 13,611 17 16 continuous + 7-way class largest; near-degenerate

correlations among shape features
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Simulation. Every candidate in the pool is trained on every original dataset and gener-
ates a synthetic counterpart of matched size — the full factorial sweep that the oracle defi-
nition requires and that inference-time selection must avoid. One cell (insurance, SMOTE)

is absent; insurance rankings therefore contain 9 models (paper §4.1).

Dual measurement. Two independent readings are taken of each synthetic output;

keeping them distinct is load-bearing for the calibration argument in §3.3.4.

(a) Profile-comparison measurement (implementation: scripts/generate model_
capabilities.py; formulas: docs/scoring methodology.md). For each (dataset, model)
pair the synthetic output’s statistical profile — per-column skewness, cardinality, and the
inter-column correlation matrix — is compared against the original’s, dimension by dimen-
sion. Fixed formulas map preservation ratios onto discrete capability scores ¢ € {0,...,4}
(>0.90 preservation — 4 “excellent,” down to <0.25 — 0 “fails”). One measurement
subtlety: cardinality preservation is density-normalized (unique-count ratio corrected for
synthetic/original row-count ratio) to remove the bias that arises when a generator emits
fewer rows than the original (methodology doc §3.2, v7.0.0 change). This measurement
answers what does this model’s output look like — bottom-up, per-model, per-dimension —

and it seeds the capability registry.

(b) Oracle-ranking measurement (implementation: scripts/build ground truth.py).
For each (dataset, intent) pair, all candidates are ranked by the metric that intent scalarizes

to:

e Privacy — Proportion Closer to Real: the fraction of synthetic records lying closer to
a real training record than to other synthetic records — a distance-to-closest-record—

family re-identification proxy (cf. [SOT22]); lower is better.

e Fidelity — Column Shape Score: per-column distributional similarity (Kolmogorov—
Smirnov complement for continuous columns, total-variation complement for categor-

icals, as in SDMetrics), averaged; higher is better.
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o Utility — train-on-synthetic, test-on-real (TSTR; [EHRIT]): classifiers/regressors fit
on synthetic data, evaluated on held-out real data (test ROC-AUC for classification,

adjusted R? for regression).

e Latency — wall-clock train-plus-generate seconds (lower is better). This is the third
intent in the released evaluation whose results Chapter 5 reports; the TSTR utility
metric above is examined alongside it as a sensitivity oracle (§5.11), and selection

quality is robust to the choice.

This measurement answers which model actually wins — top-down, per-pair — and it

serves as both calibration target (§3.3.4) and evaluation yardstick (Chapter 5).

The distinction between (a) and (b) is the methodological core: (a) grounds the registry
in measured per-dimension behavior, giving the scoring function an interpretable inductive
bias; (b) provides end-to-end supervision. Collapsing them — learning capability scores
directly from oracle rankings with no profile-comparison grounding — is precisely the joint-

optimization ablation, and it overfits (§3.3.4).

3.3 Synthony: Profile, Analyze, Rank, Recommend

Synthony approximates the oracle

g" = argmax F(m, |Z) (1)
9€g

(where m, is generator g’s metric vector on dataset D and F the intent-derived scalar-
ization) with a surrogate that trains no generator. Equation (1) requires the full factorial

sweep of §3.2.4; the surrogate requires only §3.2.4°s pre-computed outputs.
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3.3.1 Profile — stress as a synthesis-specific meta-feature

Given dataset D, Synthony computes ¢(D) € R* along four difficulty dimensions, each
chosen because it names a documented failure mechanism of a generator family rather than

a generic dataset statistic:

1. Long-tail skew — maximum absolute Fisher—Pearson skewness g; = ms/ mg/ ? (third
standardized moment) across numeric columns; flagged when any column exceeds
lg1] > 2.0. Mechanism: GAN/VAE objectives optimize central tendency; severe

marginal skew induces mode collapse in the tails [MGNIS].

2. Cardinality complexity — maximum unique-value count across columns; flagged
above 500. Mechanism: embedding-based categorical encoders spread capacity across
hundreds of levels, collapsing modes even when the distribution is not skewed (the

“needle-in-haystack” failure mode).

3. Zipfian concentration — maximum top-20% frequency ratio across categorical
columns (fraction of rows occupied by the most frequent 20% of categories); flagged
above 0.80. Mechanism: power-law categorical distributions |[New(05] cause models
with continuous latent bottlenecks to silently erase rare-but-critical tail categories —
invisible to aggregate fidelity metrics, catastrophic for minority-sensitive downstream

tasks.

4. Small-sample regime — total row count; flagged below 500. Mechanism: expressive
deep models memorize rather than generalize at low n, leaking private records [SOT22]

— the reason ARF/CART dominate the small end of our benchmark.

Profiling cost is O(rows x cols) and independent of |G| — the entire point of the surrogate.
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3.3.2 Analyze — from stress to requirements

The continuous profile is quantized into a discrete requirement vector r(¢(D)) € {0,...,4}.

The implemented derivation (recommender/engine.py, _calculate required.
capabilities; thresholds loaded from the registry metadata, verified against the code
2026-07-15) is a gated three-value scheme per dimension: the requirement is 0 unless that
dimension’s stress flag fired, then a moderate level (3) up to a severe boundary, then the
maximum (4) at or above it — skew: flag at |g1| > 2.0, severe at > 4.0; cardinality: flag at
> 500 unique, severe at > 5,000; Zipfian: flag at ratio > 0.8, severe at > 0.9; small-data:
flat 4 below 1,000 rows. (The underlying paper’s description of this mapping differs in
mainor respects from the implementation; this thesis documents the implementation — see
Ezxperiments §5.10-1, with reconciliation deferred to Future Work §6.5.) Two dimensions
extend the four stress statistics: a correlation-handling requirement from a separate
detector whose implemented semantics are suspected nonlinear dependence — it fires only
when the correlation matrix is dense (fraction of pairs with |p| > 0.1 exceeds 0.5) and
mean pairwise linear R? < 0.3, i.e., dense structure that linear fits fail to explain. Strongly
but linearly correlated data (abalone’s collinear weight columns: density 1.0, mean R?
0.67) deliberately does not raise this requirement, since linear structure is preservable by
any competent model; and a privacy-DP dimension that deliberately does not derive
from the data: it enters only through intent-conditioned scale factors, so a privacy intent
can upweight DP capability without imposing a DP requirement on every dataset. The
requirement vector states what this dataset demands on the same {0,...,4} scale the

registry uses to state what each model provides — the two sides of the match in §3.3.3.

3.3.3 Rank — capability matching

Each generator carries a registry vector C, € {0,...,4}’ (J=6), seeded by measurement

(§3.2.4a). Under intent ¢ with scale factors a; € [0,10]7:
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Score(g, 1) = Zam’ “ g5 - Ti(0(D)) (2)

with a soft-thresholding match: full credit (1.0) when ¢,; > r;, graded partial credit
(0.7, 0.4) for near-misses, zero otherwise — graceful degradation instead of hard constraint
satisfaction. The additive form is a deliberate epistemic choice: every recommendation
decomposes into J inspectable per-dimension contributions that a practitioner can audit
and override, at the acknowledged cost of missing stressor interactions (a dataset that is both
high-cardinality and severely skewed may be harder than the sum of its parts; capturing this

requires higher-order terms or a learned model — deferred to Future Work).

3.3.4 Recommend — and how the free parameters are calibrated

e — | ® TPE proposes

_ - next trial
&

@ C: lit t
apability scores (Stage @ Optuna trial /
2a) —

+ intent scale factors Score(gi)=Za-c-r

" . @ Objective on training split .
~ ® Best trial
—_,| @ Predicted ranking R Top-1 for SF-only J @ Calibrated registry

b 1 K — 200 trials SF-only e
Vs. oracle ranking Spearman for joint 500 joint y — model_capabilities.json

Figure 3.1: Bayesian calibration loop (Optuna/TPE): candidate parameters are scored
against the oracle rankings on the training split under the variant’s training objective —
Top-1 for SF-only (200 trials), Spearman for joint (500 trials) — and the best trial is written

to the registry.

The top-ranked generator is recommended with ranked alternatives (Figure diagrams
the calibration pipeline). The free parameters of Eq. (2) are calibrated offline against the
oracle rankings (§3.2.4b) by Bayesian optimization with the Tree-structured Parzen Estima-
tor [BBB11]: TPE models p(params | good trials) and p(params | bad trials) as separate
densities and proposes parameters maximizing their ratio — appropriate here because the

objective is a non-differentiable rank statistic over a mixed integer/continuous space. The
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training objective differs by variant, and the difference is deliberate. The joint variant max-
imizes mean Spearman rank correlation between predicted and oracle rankings on the
training split (500 trials, 50 startup), because with 78 free parameters Top-1 is too sparse
a signal — each of the 12 training pairs moves it by 1/12 — whereas Spearman rewards
correct ordering across the full ranking. The SF-only variant, whose 18-parameter space is
small enough to tolerate the sparser signal, uses Top-1 accuracy (200 trials). The two
variants therefore differ in both parameter count and objective; that confound is inherited
from the underlying paper and is carried forward explicitly rather than hidden (Experiments

§5.5, §5.10-G).

Two variants bound how much is learned:

e SF-only — 18 parameters (6 capabilities x 3 intents); capability scores stay frozen at

their measurement-grounded values.

e Joint — 78 parameters (60 capability scores, integer {0..4}, plus 18 scale factors, float
0, 10]).

The published outcome — SF-only generalizes better (held-out Spearman 0.573 vs. 0.557;
joint Top-1 collapses to 0) — is the empirical defense of the central methodological choice:
keep the registry grounded in direct measurement and learn only the intent weighting. Freeing
all 78 parameters lets the optimizer discard the inductive bias that the profile-comparison

measurement encoded, and 12 training pairs cannot re-derive it.

An optional hybrid path passes the top 3-5 rule-based candidates to an LLM for re-
ranking with natural-language reasoning, falling back to the pure rule-based ranking on
LLM unavailability or failure. The LLM is never the anchor — only a re-ranker over an
already-grounded shortlist — a design decision reinforced by the zero-shot LLM baseline’s

performance in Chapter 5.
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3.4 The Dependency Between the Two Systems

® Original datasets

Abalone - Bean - @ table-synthesizers ® Measurement y ®
. ) . . " . . @ Bayesian calibration o .
IndianLiverPatient - —— trains each candidate model, — profile-comparison scoring + ——» Optuna - TPE ® model_t json
Obesity - faults - insurance - generates synthetic data oracle-ranking derivation B runtime scoring

wilt

Figure 3.2: Registry-construction data flow: original datasets, Table-Synthesizers simulation,

dual measurement, Bayesian calibration, the calibrated registry, and runtime use.

3.4.1 Data flow

The end-to-end flow is diagrammed in Figure 3.2 Original datasets — Table-Synthesizers
simulation — dual measurement (§3.2.4a + §3.2.4b) — Bayesian calibration (§3.3.4) —
config/model capabilities.json — runtime recommendation (§3.3.3). Everything left of

the registry file is offline and re-runnable; nothing right of it trains a generator.

3.4.2 The zero-shot property, stated precisely

Because Synthony never trains a generator at inference time, its knowledge of generator be-
havior is exactly as current, complete, and correct as the last Table-Synthesizers benchmark
run. The benefit is the deployment property the oracle-informed kNN baseline lacks: kNN
must interpolate from precomputed oracle rankings of neighbor datasets — i.e., it needs ) at
test time — while Synthony needs only the registry, so a newly wrapped generator becomes
recommendable after one offline measurement pass, with no oracle rerun. The liability is

bounded staleness: the registry inherits the benchmark’s blind spots.

3.4.3 Coverage boundary (honest limitation)

The 19/15/10 attrition of §3.2.3 quantifies that liability. Four library models (GaussianCop-
ula, LTM-VAE, TabDiff, TabPFGen) were never simulated into the registry — they cannot
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be recommended regardless of merit. Five registry models (CART, DPCART, TabSyn, Au-
toDiff, SMOTE) currently lack an execution runner in Synthony’s own agentic pipeline,
so they receive no fresh calibration signal beyond the original static benchmark. And the
oracle itself covers 10 models x 7 datasets x 3 intents with one missing cell — a corpus
small enough that its composition visibly shapes results (CART’s 8/21 oracle wins reflect
the benchmark’s moderate-size, low-cardinality skew; paper §4.5). Replacing this one-shot
static corpus with continuously accumulated live outcomes is deferred to Future Work, con-
sistent with the thesis’s scoping decision that all post-publication implementation remains

there.
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CHAPTER 4

System Architecture

4.1 Two Repositories, One Pipeline

The framework is implemented as two independently usable systems whose only coupling is

a data contract:

e Table-Synthesizers (Python library): the generation and measurement substrate —

19 wrapped generators, one interface, one evaluation code path (Methodology §3.2).

¢ SYNTHONY (Python library + REST API + MCP server + CLI): the selection layer
— profiling, requirement analysis, capability scoring, recommendation (Methodology

§3.3).

The coupling contract is deliberately thin: Table-Synthesizers’ benchmark output (per-
model synthetic datasets and their evaluation metrics) flows into SYNTHONY’s registry-
construction scripts as files, not as API calls. Neither system imports the other; either can be
replaced behind its contract. This is why the selection layer can claim zero-shot deployment
(Methodology §3.4.2): at inference time the only artifact it needs from the substrate is the
calibrated registry file.

4.2 Table-Synthesizers: Internal Data Flow

Reading the stages of Figure tied to the actual code:
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5 i
@ Input @ TableSynthesizer factory @ Encoding layer i @ Evaluation ® Benchmark artfacts
ase! izer it ® Sampling ® Synthetic DataFrame
pandas DataFrame ~ ——»  DEFAULT_MODELS registry, —»  automatic cate goricall  |——» fidelity - privacy proxy - [——»  per-model metrics +
(subprocess isolation for sample(n) — decode (schema-matched)
(mixed types) availability-gated numeric transforms utilty - latency profile comparisons.
heavyweight models)

Figure 4.1: Table-Synthesizers generation/measurement data flow (left to right): input
DataFrame through the availability-gated factory, symmetric encoding, model fitting with

subprocess isolation, sampling, evaluation, and benchmark artifacts.

Stages 1-2. A caller passes a raw mixed-type DataFrame and a model name; the fac-
tory (src/stg/tableSynthesizer.py) resolves it against DEFAULT _MODELS, a registry that
is availability-gated — models whose optional dependency stacks fail to import are excluded
at load time rather than crashing at fit time. This gating is why the implemented-model
count is environment-dependent and why the thesis reports it as verified-by-import, not by

documentation (Methodology §3.2.3).

Stages 3—5. Every generator sits behind the same four-method interface (fit / sample /
get_state / load_state), with encoding and decoding applied symmetrically so each model
sees data in its native format while callers only ever touch DataFrames. Heavyweight models
with fragile dependencies (TabSyn, TabDiff, TabDDPM) execute in isolated subprocesses: a
CUDA fault or crash in one candidate cannot corrupt a benchmark sweep — an engineering
property that directly protects the ground truth’s completeness (a crashed cell becomes a

missing measurement, not a corrupted sweep).

Stages 6—8. The synthetic output is schema-matched to the input, then scored by
the shared evaluation path: the per-intent metrics of Methodology §3.2.4 plus the profile-
comparison statistics (synthetic-vs-original skewness, cardinality, correlation). Stage (8)’s

artifacts are the entire interface to the selection layer.

33
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(calibrated registry)

Figure 4.2: End-to-end integration flow. Offline half: benchmark artifacts through dual
measurement and Bayesian calibration to the registry file. Online half: user dataset and
intent through stress profiling and requirement derivation to the recommendation engine.

Exactly one edge (the registry file) crosses the offline/online divide.

4.3 SYNTHONY Integration Flow: From Benchmark Artifacts

to a Recommendation

Figure makes the thesis’s central architectural claim visually checkable: exactly one
edge crosses the offline/online divide — the registry file ((5) — (9)). Everything ex-
pensive (training all generators, scoring all outputs, calibrating all parameters) is left of
the divide and amortized across all future requests; everything right of it is cheap (profil-
ing is O(rows X cols)) and trains nothing. The three request surfaces (REST API, MCP
server, CLI) all enter at stage (6) and share stages (7)-(10) without divergence; the surfaces

themselves, and the scope of the published MCP server, are stated in §4.4.

Stage notes:

e (2)/(3) are the dual measurement of Methodology §3.2.4 — kept as two separate boxes
deliberately, since collapsing them is precisely the joint-optimization variant that over-

fits (Experiments §5.7).
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e (4) consumes both: (2) supplies the starting capability scores, (3) the target rankings;

the SF-only variant freezes (2)’s output and tunes only intent weights.

e (9)’s internal branching (rule-based / LLM / hybrid dispatch, the hybrid fallback
chain) is abstracted to one box per the diagram conventions; its detailed gate logic is

an implementation concern outside the scope of this architectural overview.

4.4 Interface Surfaces

Three surfaces expose stages (6)—(10) of Figure [£.2} a REST API (FastAPI, with a SQLite
layer that caches profiles and tracks sessions), a command-line interface, and a Model Context
Protocol (MCP) server speaking JSON-RPC 2.0 over stdio. All three are documented in the
underlying paper’s Appendix C. They matter here for one reason: they share a single code
path below stage (6), so a capture taken through any one of them is evidence about the
system rather than about that interface — which is what makes the live MCP transcripts of

Appendix A admissible.

The MCP surface is the one worth stating precisely, because its scope is easy to overstate.

What the paper publishes is a selection surface:

e 13 tools — data loading (list_datasets, load dataset), profiling (analyze_
stress_profile), ranking (rank models rule / _1lm / _hybrid), model inspec-
tion (getmodel_info, listmodels, check model constraints), explanation
(explain recommendation reasoning, get_tie breaker_logic), and benchmarking

(benchmark_compare, generate _benchmark dataset).

e 5 resources — the model registry, per-model detail, cached dataset profiles, stress-

detection thresholds, and the active LLM system prompt, each addressed by URI.

e 4 prompts — guided workflows, of which analyze-and-recommend is the full pipeline

and update-knowledge-base is the nearest thing to a feedback cycle.
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Every one of those is read-and-rank. None trains a generator, and none owns a run: the
surface exposes the selector of Methodology §3.3 and nothing to the left of the registry file.
The server as it now stands carries four further tools that appear nowhere in the published
description — start a synthesis run, poll its state, list runs, cancel one. Those four are
precisely the run lifecycle, and the first of them will, on request, train the recommended
model, benchmark it, and iterate on a quality shortfall: the closed loop of Future Work §6.3,
not the system Chapter 5 evaluates. The boundary between what is published and what is
not therefore falls exactly where the offline/online divide of §4.3 falls, which is the reason

§4.6 can exclude the execution loop without excluding the protocol.

One caveat carries forward. An agent-invocable tool surface is a precondition for agentic
operation, not evidence of it. Chapter 5 evaluates the ranking these tools serve; no experi-
ment in this thesis measures an agent’s behaviour across the protocol, and the paper is itself
explicit that its update-knowledge-base loop is human-supervised. The word “agent” is

discussed on those terms in §6.3.

4.5 The Data Contract Between the Two Systems

The full coupling surface, enumerable in one table — anything not listed here does not cross

the boundary:

Two properties of this contract carry methodological weight. First, it is replayable:
the offline half can be re-run from retained artifacts without re-training generators, which is
what makes registry recalibration (Future Work §6.1) an incremental operation. Second, it is
auditable: because the registry is a human-readable file of per-dimension integer scores rather
than an opaque model, every recommendation decomposes into inspectable contributions —
the interpretability property claimed in Methodology §3.3.3 is enforced by the architecture,

not just asserted.
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Table 4.1: The complete data contract between Table-Synthesizers and SYNTHONY.

Artifact

Producer

Consumer

Form

Per-model evaluation

metrics

Profile-comparison
statistics

Calibrated registry

Table-Synthesizers

benchmark sweep

Table-Synthesizers
evaluation path

Calibration ((4))

Oracle-ranking

derivation ((3))

Capability scoring

((2))

Recommendation

Spreadsheet /CSV
rows per (dataset,
model)

JSON per (dataset,
model)

model_

engine ((9)) capabilities. json

(static file)

4.6 What This Chapter Deliberately Excludes

For scope fidelity with the rest of the thesis: the agentic ezecution loop (run persistence,
run-state machine, subprocess training runners, cancellation, multi-turn reasoning) and the
downstream multi-agent integration are post-publication work and are treated exclusively in
Future Work (Chapter 6). The architecture above is the system as published and evaluated

in Chapter 5 (Experiments).

The MCP tool surface is deliberately not on that list, because it is published (§4.4); what

is excluded is the run-lifecycle tooling layered on it afterwards.
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CHAPTER 5

Experiments

5.1 Research Questions

The evaluation is organized around four questions, ordered from the underlying hypothesis

to the deployed system:

RQ1 (Predictability). Do dataset stress meta-features predict which synthesizer

family succeeds — i.e., is selection learnable from dataset properties at all?

e RQ2 (Selection quality). Does capability-based, intent- conditioned scoring se-
lect better than deployable zero-knowledge alternatives (heuristics, zero-shot LLMs,

chance), and how close does it come to an oracle-informed meta-learner?

e RQ3 (Calibration contribution). What do the individual components — stress
profiling, capability matching, intent- conditioned scale factors — each contribute,

and how much calibration does 12 training pairs actually support?

e RQ4 (Failure surface). Where does selection fail, and is the failure structure infor-

mative (which intents, which dataset regimes)?

5.2 Experimental Setup

Datasets. Seven public tabular datasets sourced via OpenML [VRBI13|: Abalone, Bean,

IndianLiverPatient, Obesity, faults, insurance, wilt — 579 to 13,611 rows, mixed continu-
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ous/categorical schemas, chosen to spread the four stress dimensions rather than to maximize
scale. Verified per-dataset statistics and stressor annotations appear in Methodology §3.2.4

(including the feature-count correction for faults, resolved at §5.10, item D).

Intents. Three user intents — privacy, fidelity, and a third quality intent — yielding 7
x 3 = 21 dataset-intent pairs. The third intent is latency in the released evaluation that
produced the numbers below; a train-on-synthetic—test-on-real wtility oracle is examined
alongside it as a sensitivity analysis (§5.11), and the selection result is robust to the choice

(§5.10, item E).

Candidate pool. N = 10 synthesizers spanning four categories: differential privacy
(AIM, DPCART), deep generative (AutoDiff, TabDDPM, TVAE, NFlow), tree-based (ARF,
CART), and statistical (BayesianNetwork, SMOTE). Identity is excluded as trivially perfect
on fidelity and zero on privacy. One cell (insurance, SMOTE) is absent; insurance rankings

contain 9 models.

Ground truth (intent-conditioned oracles). Every generator is trained on every
dataset; per-intent metrics — Proportion Closer to Real (privacy, lower better), Column
Shape Score (fidelity, higher better), and wall-clock latency (lower better) for the third intent
— induce a full oracle ranking per pair (Methodology §3.2.4b). A train-on-synthetic-test-
on-real utility oracle (test ROC-AUC for classification, adjusted R? for regression; [EHRI7])

is examined alongside latency as a sensitivity analysis in §5.11.

Split. 70/30 at the dataset level (seed 42): 4 training datasets (12 pairs) and 3 held-out
datasets (9 pairs). Dataset-level splitting ensures no dataset appears in both splits under
different intents, precluding the leakage a pair-level split would invite for the kNN baseline.
This single split is retained only because it is the one the published numbers were computed
on; §5.12 replaces it with leave-one-dataset-out over all 21 pairs and with an exhaustive
enumeration of all (g) = 35 dataset-level splits, and reports the result there as the split-

independent one.

39



5.3 Baselines
Four selection strategies, spanning the deployability spectrum:

1. Random — uniform generator sampling; expectation over 1,000 trials.

2. Vanilla LLM (GPT-40-mini) — zero-shot selection from dataset schema and sum-
mary statistics, temperature 0, no stress profile or capability scores. Integrity note
(must survive into the thesis): the published run was compromised — API un-
availability caused an alphabetical-order fallback, disclosed in the paper’s footnote.
This thesis therefore reports the row for completeness but withholds all interpre-
tive claims about LLM selection capability unless the baseline is re-run properly
(§5.10, item A). Statements in the paper’s conclusion attributing behavior to GPT-40-

mini are not repeated here.

3. Static Heuristic — a practitioner-mimicking rule using only row count and intent
(tree-based for fidelity, a fixed speed order for latency, DP models for privacy), no

dataset profiling.

4. Meta-feature kNN (k = 3) — 9 generic meta-features, Euclidean neighbor search,
aggregation of neighbors’ oracle rankings. Because it consumes ground-truth evalua-
tion at training time, it is reported as an oracle-informed reference point, not a

deployable zero-knowledge method.

5.4 Metrics

Over full 10-model rankings per pair (Figure diagrams the scoring pipeline): Top-3
accuracy and Spearman rank correlation as primary metrics — Top-3 reflects the re-
alistic deployment scenario of a short list; Spearman rewards correct ordering across the

entire ranking. Top-1 accuracy and NDCG as secondary. With 9 test pairs, each Top-1
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Figure 5.1: Evaluation protocol: held-out dataset-intent pairs are ranked by each selector

strategy and scored against held-out oracle rankings.

prediction moves accuracy by ~11.1 percentage points; differences smaller than ~0.15 are

interpreted with caution throughout.

5.5 SYNTHONY Variants
Two calibration variants (Methodology §3.3.4) bound how much is learned:

e SF-only: 18 scale-factor parameters (6 capabilities x 3 intents), hand-crafted capa-

bility scores frozen; Optuna, 200 trials, Top-1 training objective.

e Joint: 78 parameters (60 capability scores + 18 scale factors); 500 trials, Spearman

training objective (Top-1 is too sparse a signal for 78 parameters).

The two variants differ in both parameter count and objective — a confound the paper
acknowledges; controlled variants live in its Appendix A (§5.10, item B, for the parameter-

count bookkeeping).

5.6 Main Results (RQ2)

Test-set performance, 9 held-out pairs (paper Table 1; bold = best zero-knowledge method;
Figure |5.2| plots the same results):

T Compromised baseline; see §5.3 and §5.10-A.
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Held-out selection performance (9 pairs; camera-ready Table 1). t compromised baseline, see §5.10-A; kNN is an oracle-informed reference

Spearman rank correlation

Top-3 accuracy

0.778

0.667

1.0
0.6 1 0.557 0573 0578
0.8 4 0.778
0.422
0.4 0.6 1 0.556
0.2 1 0.4 1
0.304
0.2 1
0.0 7501 0.111
-0.087
T T T T T 0.0 T T T

Random Vanilla LLMt Static SYNTHONYSYNTHONY kNN

T
k=3

Heuristic  (joint)  (SF-only) (oracle-inf.)

Random Vanilla

T
LLMt Static SYNT!
(joint)  (SF-only) (oracle-inf.)

Heuristic

HONYSYNTHONY kNN k=3

Figure 5.2: Held-out selection performance (9 pairs): Spearman rank correlation and Top-3

accuracy per strategy. The Vanilla LLM baseline is compromised (Section 5.10, item A);

kNN is an oracle-informed reference.

Table 5.1: Held-out test-set performance of selection strategies (9 dataset-intent pairs).

Strategy Top-1 Top-3 Spearman NDCG
kNN (k=3), oracle-informed reference .556 778 578 918
Random (E[1000]) 111 304 —.001 815
Vanilla LLM (GPT-40-mini)f} .000 111 —.087 784
Static Heuristic 333 778 422 .889
SYNTHONY (joint opt) .000 .956 .bo7 .893
SYNTHONY (SF-only) 444 667 573 914
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Three readings, in decreasing strength of evidence:

1. SF-only is the best deployable method on Spearman (0.573) and Top-1 (0.444),
and it nearly matches the oracle-informed kNN reference (0.578 Spearman) despite
a fundamental asymmetry: kNN interpolates from ground-truth rankings of neighbor
datasets at inference time; SYNTHONY needs no oracle access at all. The practical
consequence: a newly registered synthesizer becomes recommendable after one offline
measurement pass, with no benchmark rerun — a property kNN structurally cannot

offer.

2. Joint optimization does not generalize better (0.557 Spearman; Top-1 collapses
to 0): freeing all 78 parameters on 12 training pairs discards the measurement-grounded
inductive bias without enough signal to re-derive it. This is the empirical defense of

the SF-only design (Methodology §3.3.4), modulo the objective confound noted in §5.5.

3. The Static Heuristic’s profile is diagnostic: high Top-3 (0.778, from always plac-
ing strong models in a short list) with poor Spearman (0.422) — shortlist plausibility

without full-ranking quality. This is the pattern the Spearman metric exists to expose.

5.7 Ablations (RQ3)

All ablation variants use SF-only optimization (18 parameters) to isolate component effects

(paper Table 2; Figure plots the Spearman column):

e Stress profiling is the load-bearing component: removing it causes the largest
Spearman drop (0.573 — 0.430). Without dataset-derived requirements, the system

cannot differentiate which models suit which datasets.

e Focus scaling currently hurts on this sample: removing it improves Spearman

(0.573 — 0.602). Twelve training pairs are not enough to learn 18 scale factors reliably
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Component ablation (camera-ready Table 2): removing stress profiling costs the most;
focus scaling overfits at 12 training pairs
0.7 7

0.602

0.6

0.573

0.5 - 0.478

0.430

0.4
0.3 1

0.2

Spearman (held-out)

0.1

0.0 .
— Stress — Focus — Stress — Focus Full SYNTHONY
(bare scoring) (focus only) (stress only) (SF-only)

Figure 5.3: Component ablation (held-out Spearman): removing stress profiling costs the

most; removing focus scaling improves generalization at the current calibration sample size.

Table 5.2: Component ablation on the SF-only pipeline (held-out, 9 pairs).

Variant Top-1 Top-3 Spearman NDCG
Vanilla LLM (no SYNTHONY){ .000  .111  —.087 784
— Stress — Focus (bare scoring) .444  .667  .478 .904
— Focus scaling (stress only) 444 667  .602 910
— Stress profiling (focus only) 333 .667 430 901
Full SYNTHONY (SF-only) 444 .667 .073 914
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— the paper conjectures (testably) that focus scaling turns beneficial at >20 datasets,
particularly for the privacy intent. The thesis should present this as an honest negative

result about calibration sample size, not as a defect of intent conditioning as a concept.

e Even bare capability matching carries signal (0.478 vs. random’s —0.001), con-

firming the registry encodes real structure before any calibration.

5.8 Do Stress Profiles Predict Synthesizer Families? (RQ1)

Predicting the oracle-best synthesizer directly from dataset meta-features (paper Table 3;

test set, 9 pairs):

Table 5.3: Predicting the oracle-best synthesizer directly from dataset meta-features (held-

out, 9 pairs).

Predictor Top-1 Top-3 Spearman NDCG
Majority vote 333 778 .300 .899
Logistic regression .556 .889 .293 .893
Decision tree 222 .667 .299 .900
kNN (k=3) .556 778 .578 918

The discriminative signal lives in full-ranking quality: kNN’s Spearman (0.578) nearly
doubles the frequency-based and parametric baselines (~0.30), while majority vote’s re-
spectable Top-3 (0.778) merely restates CART’s frequent wins. This validates the stress-
profiling hypothesis (RQ1: dataset difficulty signatures predict synthesizer efficacy in a learn-
able way) — and, notably, SYNTHONY’s capability-mediated 0.573 nearly matches kNN’s
direct interpolation despite generalizing through an abstraction layer rather than memorized

rankings.
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5.9 Per-Intent Analysis and the Failure Surface (RQ4)

Privacy-proxy spread per model across datasets: no model is uniformly private —
DP certification (AIM, DPCART) does not guarantee the best empirical proxy
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Figure 5.4: Privacy-proxy spread (Proportion Closer to Real; lower is better) per model
across datasets: no model is uniformly private, and DP certification does not guarantee the

best empirical proxy.

CART dominance and what it means. CART is oracle-best on 8/21 pairs overall, but
recomputing the winners from the recovered evaluation matrix (§5.11) shows this decomposes
into 7 of 7 latency wins — CART trains in near-zero time — plus a single fidelity win. Its
apparent dominance is therefore largely an artifact of the latency intent rewarding speed
rather than of across-the-board quality. The quality intents are more contested: tree-based
methods (ARF, CART) still take 4 of 7 fidelity wins — unsurprising for a corpus of moderate-
sized (500-13,000 rows), low-cardinality tables, the regime in which adversarial random
forests were shown to match or beat state-of-the-art probabilistic circuits and deep generative
models on tabular benchmarks, some two orders of magnitude faster [WBK23] — but no
single model runs the table. The stronger reading is about the corpus rather than the

literature: this benchmark is composed of exactly the data on which tree-based synthesis is
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cheap and effective, which is a limitation of the ground truth (§6.2), not an endorsement of

7

trees. A degenerate “always predict CART” selector achieves 33.3% Top-1 on the test set,
which bounds what overall Top-1 can show. The discriminative evidence therefore lives in

the privacy and fidelity intents and in full-ranking metrics.

Privacy is where selection matters — and where it is hardest. Six distinct model
families win privacy across the seven datasets (AutoDiff 2; NFlow, AIM, TVAE, Bayesian-
Network, and SMOTE one each, recomputed from the recovered matrix): the strongest
possible signal that no fixed rule suffices. It is also the hardest intent for every method —
the Static Heuristic’s DP-models-for-privacy assumption fails outright (0% privacy Top-1)
because DP certification does not reliably predict the empirical proxy: non-DP diffusion
and flow models sometimes achieve lower distance-to-closest-record through smoother den-
sity estimation (Figure 5.4 no model is uniformly private, and the DP models are not the
empirical winners). SYNTHONY’s correct privacy predictions, though limited, demonstrate
that stress profiling captures signal simple heuristics miss. On the 9 test pairs, SF-only’s
errors concentrate on privacy; the Static Heuristic’s 3/9 correct Top-1 picks all fall under

the non-privacy intents.

Latency observation. Where latency is examined (paper §4.7 context), CART com-

pletes in sub-second time — reported as “sub-second,” not “0O-second,” per §5.10-F.

5.10 Threats to Validity and Known Reporting Issues

Items are listed with their disposition in this thesis; none should silently disappear at type-

setting.
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Table 5.4: Consolidated threats-to-validity audit with per-item dispositions.

Issue (from the critique)

Disposition in the thesis

Vanilla LLM baseline is an alphabetical-order
fallback (API unavailability), yet the paper

draws interpretive conclusions from it

Parameter-count inconsistency across paper
sections (54 vs. 78: 6-generator vs. 10-generator
accounting; the released optimize_scaling.py

optimizes 6 overlap models)

48

Row reported for completeness, flagged T;
all interpretive claims about LLM
capability withheld. Re-running the
baseline is required before restoring them
(also Future Work §6.2)

Resolved by direct verification against
the published PDF': the published paper
contains no 54-parameter accounting
anywhere — its Appendix A.2 specifies the
Joint space as 60 capability scores (10
models x 6 dimensions) plus 18 scale
factors, totalling 78. The

54-parameter /6-generator-overlap
accounting survives only in unpublished
internal drafts and in the released
optimize_scaling.py (whose
OVERLAP_MODELS constant targets that
six-model subset) — a draft-and-code
artifact, not a published inconsistency. The
residual gap — that the committed script
does not implement the published
78-parameter configuration — is tracked

under item J



Table|5.4| (continued)

# Issue (from the critique)

Disposition in the thesis

C Main-text Table 1 vs. appendix Table 4 report

different numbers for the same variant

D Dataset feature-range claim (“6-17 features”)
conflicts with faults.csv (34 columns) in the

repository

49

Resolved by direct verification against
the published PDF: in the published
paper, Appendix A.5’s Table 4 test row
(.000/.556/.557/.893) is numerically
identical to the main-text Table 1 Joint row.
The differing numbers recorded in the
pre-submission critique trace to a
superseded earlier draft (which used a 7-pair
test split); no mismatch exists in the final
publication

Resolved (Methodology §3.2.4): every copy
of faults.csv in the pipeline — input and
all synthetic outputs across all three
recorded trials — has 34 columns; no
reduced variant exists. The paper’s range is

corrected to 6-34



Table|5.4| (continued)

#

Issue (from the critique)

Disposition in the thesis

E

Released ground-truth script builds
privacy /fidelity /latency oracles; the thesis

narrative frames the third intent as utility

“0-second latency” for CART is a

timer-resolution artifact

20

Resolved (§5.11) on two independent
grounds. (i) Reproduction from the
recovered evaluation matrix shows the
published numbers were computed with
latency (kNN reference 0.581 vs. published
0.578), while a TSTR-utility oracle yields
0.525; the selection signal is robust across
both (0.53-0.58). (ii) The paper is
internally inconsistent in the same direction:
its Appendix C.2 tie-breaking rules provide
for “speed-optimized intents,” a category
with no referent under a

privacy /fidelity /utility triple. Third-intent
label corrected to latency; utility retained as
a sensitivity oracle

Reported as “sub-second” throughout



Table|5.4| (continued)

#

Issue (from the critique)

Disposition in the thesis

G

H

SF-only vs. Joint differ in both parameter space

and objective (confound)

Small test set (9 pairs; £11.1pp per Top-1

prediction) and majority-class solvability (33.3%)

o1

Acknowledged in §5.5/§5.6, and sharpened
by verification against the published
PDF': the paper states “controlled variants
appear in Appendix A,” but the published
Appendix A contains only the Joint
procedure and its results — no
SF-only-with-Spearman-objective controlled
run exists anywhere in the publication, so
there is nothing to port into this thesis.
Running the controlled variant requires the
calibration pipeline whose artifacts are
missing (item J); until then the confound
stands unresolved, and this thesis draws no
conclusion from the SF-only-versus-Joint
gap beyond “Joint did not generalize better”
Stated in §5.4 and §5.9; primary conclusions
rest on Spearman and per-intent structure,
not overall Top-1. The single-split
component is resolved in §5.12:
leave-one-dataset-out over all 21 pairs
(pooled kNN 0.543) and exhaustive
enumeration of all 35 dataset-level splits
(range 0.441-0.651, seed 42 at the 77th
percentile) show the result is not
split-dependent. The small-n caveat on

Top-1 itself stands



Table|5.4| (continued)

# Issue (from the critique) Disposition in the thesis

I Minor discrepancies exist between the paper’s Thesis documents the implementation
method description and the released (Methodology §3.3.2); published results were
implementation (requirement-derivation produced by the implementation and stand
thresholds; correlation criterion), verified in code  unaffected. Reconciliation and possible
2026-07-15 erratum deferred to Future Work §6.5; full

detail internal (ERRATUM_internal.md,
never in thesis text)

J SYNTHONY’s own SF-only calibrated result Open: recovering the calibrated scale-factor
(0.573, Table cannot be regenerated from the artifact, or re-running calibration against
committed repository: the 18 optimized the recovered evaluation matrix of §5.11, is
scale-factor parameters that produce it are absent the sole outstanding step for a fully
(the registry’s scale-factor configuration holds self-contained reproduction of Table
only uncalibrated, uniform placeholder weights). tracked as Future Work §6.1’s first item.
Only the kNN reference, Random, and Static Until then, 0.573 is reported as published,
Heuristic rows independently reproduce (§5.11) not independently re-derived by this thesis

K Three entries in the published paper’s reference Resolved for this thesis: every field was

list do not match the publisher record: the
SIGMOD Record survey ([DGP25]) lists an
author set and a DOI that resolve to a different
paper; the Neurocomputing survey ([KRE25])
lists three co-authors who are not on the paper
and a DOI that does not resolve; and the Data
Science Journal benchmark ([DWP25]) is
attributed to three authors none of whom is on
it. All three were carried into early drafts of this

thesis from the paper’s reference list

re-derived from the Crossref record of record
and the bibliography corrected (author lists,
volume/issue, pages, year, DOIs). Two
claims that had rested on these sources are
also re-pointed: §5.9 and §6.2 now cite
[WBK23] for tree-based competitiveness,
and Methodology §3.1.1 cites [KRF25] only
for its actual finding, budget-dependent
ranking instability. The published reference
list is uncorrected; an erratum is the natural
remedy and is grouped with item I under

Future Work §6.5

o2

Statistical power. with 9 test pairs, no pairwise method comparison in Table 1 reaches



conventional significance; the chapter’s claims are therefore framed as consistent evidence
across four metrics and ablation structure, not as significance-tested superiority. Expanding
the benchmark (Future Work §6.2) is the remedy, not heavier statistics on n = 9; what can
be done at this scale — exhausting the split space rather than resampling within one split

— is done in §5.12.

5.11 Reproduction and Sensitivity to the Third-Intent Definition

The evaluation matrix underlying Table was recovered and re-run post-hoc, enabling a
direct reproduction of the oracle-derived rows and a sensitivity check on the choice of third
intent — the calibration-versus-evaluation ambiguity flagged as item E of §5.10 above. The
recovered matrix covers all eleven wrapped models across the seven datasets, with Proportion
Closer to Real for privacy, Column Shape Score for fidelity, and both a wall-clock latency
measurement and a train-on-synthetic-test-on-real (TSTR) utility measurement (test ROC-
AUC for classification, adjusted R? for regression) for the third intent. Rebuilding the
oracle-informed KNN reference from this matrix (eleven models, dataset-level 70/30 split,

seed 42) gives:

Table 5.5: Reproduction of the oracle-derived rows under both candidate third-intent oracles.
The selection signal is strongly positive under either definition; the published value matches

the latency oracle.

Method Latency oracle TSTR-utility oracle Published
kNN (oracle-informed) 0.581 0.525 0.578
Random (E[1000]) ~0.00 ~0.00 —0.001

Two conclusions follow. First, the published Table numbers were produced with
latency as the third intent: the kNN reference reproduces at 0.581 (versus the published
0.578) under the latency oracle, while the TSTR-utility oracle yields 0.525. This resolves
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Reproduced selection signal is robust to the third-intent definition
(11 wrapped models, Identity included; dataset-level 70/30, seed 42) — reproduced, not published

0.7 1 mmm kNN (oracle-informed)

0.6 0.581 RangamishEEORAN = 0.578

0.5 1
0.4 4
0.3+

0.2 1

Held-out Spearman

0.1 A

0.000

0.0 4
-0.002

_01 T T
Latency oracle TSTR-utility oracle

Figure 5.5: Reproduction of the oracle-informed kNN reference (and the random floor) under
both candidate third-intent oracles, from the recovered evaluation matrix. The reproduced
value (0.581 under latency) sits three thousandths from the published 0.578 (dashed line);
the signal is an order of magnitude above the random floor and holds (0.525) when the
third intent is downstream utility instead of latency. These are reproduced numbers un-
der the 11-wrapped-model, Identity-included configuration that regenerates the published
table — distinct from the 10-evaluated, Identity-excluded set used for the winner analysis

(Figure , and not to be conflated with the published values in Figure
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item E in favour of latency, and corrects the intent label used elsewhere in this chapter.

The numerical match is not the only evidence. The paper’s own tie-breaking rules, stated
in its Appendix C.2, presuppose a time-valuing intent: they direct that “speed-optimized
intents prefer CART,” alongside separate provision for “quality-optimized” ones. A speed-
optimized intent has no referent in a privacy/fidelity /utility triple — TSTR utility is indif-
ferent to how long a generator took to fit — but it is exactly what a privacy/fidelity/latency
triple’s third member is. The paper never uses the word “latency”; its narrative names the
third intent utility (abstract; §4.1; the scale-factor definition of its Appendix A.2), while its
tie-breaker prose and its released ground-truth script both describe a wall-clock quantity.
The reproduction above and this internal inconsistency point the same way, from indepen-

dent evidence: what was measured is time.

A terminological note, since both words appear in the sources. Latency and speed are
inverse measures of one axis, not synonyms: this thesis reports latency — wall-clock train-
plus-generate seconds, lower better (§3.2.4) — which is the quantity the released script
computes, and uses “speed” only informally. A reader meeting “speed-optimized” in the
paper should read it as the same intent. Second, and more consequentially, the central
finding is robust to the third-intent definition: the oracle-informed reference retains a
strong positive rank correlation (0.53-0.58) whether the third intent is latency or downstream
utility, an order of magnitude above the random floor (~0) (Figure [5.5). The reproduction
includes all eleven wrapped models (Identity among them); excluding Identity raises the
ENN reference to 0.600. SYNTHONY’s own SF-only row is not re-derived here, because the
released artifacts contain uniform (uncalibrated) scale factors rather than the optimized set
(validity-audit item J, §5.10); recovering that calibration is the sole outstanding item for a

complete end-to-end reproduction (Future Work §6.1).
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5.12 Split Sensitivity: Leave-One-Dataset-Out Cross-Validation

Everything reported above rests on a single dataset-level split — four training datasets, three
held out, drawn with seed 42 — and with seven datasets only (;) = 35 such splits exist. A
conclusion that depends on which three datasets happened to be drawn is not a conclusion.
This section replaces the single split with two exhaustive protocols, both computed from the

recovered evaluation matrix of §5.11 and both original to this thesis.

Protocol. Only the split axis varies: oracle construction, the six-model prediction uni-
verse of the released baselines, the calibration procedure, and the metric implementations are
the committed ones under which the published kNN row reproduces (§5.11). Two protocols
are run. Leave-one-dataset-out (LODO): seven folds, each holding out one entire dataset
(three dataset-intent pairs) and fitting on the remaining six (eighteen pairs), so that every
one of the 21 pairs is tested exactly once by a selector that never saw that dataset — the
pooled figure uses the whole benchmark rather than a nine-pair subset. Ezhaustive enumer-
ation: all 35 four/three dataset-level splits, locating the published seed-42 split within the

resulting distribution.

Top-1 and Top-3 are structurally depressed in Table 5.6} predictions range over the six
overlap models the released baselines rank, while the oracle ranks eleven, so the oracle’s
best is frequently a model no method can name. Excluding Identity (the ten-model oracle)
raises the kNN reference to Top-1 .238 and NDCG .610 while leaving every Spearman value
unchanged — Spearman is computed over the intersection of the two rankings, whose relative
order removing an unpredicted model does not disturb. Spearman is therefore the statistic

to read here, for the reason already given in §3.3.4 and §5.4.
Three findings follow.

The selection signal survives every possible split. Across all 35 dataset-level splits
the kNN reference ranges from 0.441 to 0.651 (mean 0.543, SD 0.052); not one split falls
below 0.44, against a random-ranking floor of 0.004. The published seed-42 split (0.581) sits
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Table 5.6: Leave-one-dataset-out results, pooled over all 21 dataset-intent pairs (each tested
exactly once, by a fold that never saw its dataset). The final column is the seed-42 single-split
value from the §5.11 reproduction, shown for Spearman only — Top-K and NDCG under the
six-model prediction convention are not comparable to the published table. Eleven-model

oracle, latency third intent.

LODO, pooled (n = 21) Seed-42 (n = 9)

Strategy Top-1 Top-3 Spearman NDCG Spearman

ENN (k=3), oracle-informed reference 143 143 .543 .558 581

SYNTHONY (SF-only, re-calibrated per fold) .048 .095 .306 511 —

SYNTHONY (as released, uncalibrated) 048 143 037 485 —

Static Heuristic 048 190 .450 529 524

Random (E[1000]) 041 120 .004 482 —.002
All 35 dataset-level 4/3 splits Per-fold LODO (dashed = pooled over all 21 pairs,

(min 0.441, max 0.651) — every split positive kNN 0.543)

B kNN (oracle-informed)
mmm SYNTHONY (SF-only, re-calibrated)

o o
E= [¢)]
1 1

Held-out Spearman
o
N

0.0 A

0.45 0.50 0.55 0.60 0.65
kNN held-out Spearman

Figure 5.6: Split sensitivity of the oracle-informed KNN reference. Left: the distribution of
held-out Spearman across all 35 dataset-level 4/3 splits; the published seed-42 split (0.581)
sits at the 77th percentile of a distribution whose worst case is 0.441. Right: per-fold LODO,
with pooled values dashed. Thesis-original robustness analysis computed from the recovered

evaluation matrix, not published numbers.
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at the 77th percentile — mildly favourable, within one standard deviation of the mean, and
not an outlier (Figure 5.6} left). The single-split result was not lucky in any sense that would
change a conclusion, and the worst split available would have supported the same qualitative

claim.

LODO makes the protocol leakage-free, and shows nothing was riding on it.
The reproducibility investigation behind §5.11 raised the possibility that the oracle-informed
reference — the one baseline that consumes oracle rankings of neighbouring datasets, and
hence the most leakage-sensitive — was inflated. Under LODO the question is settled by
construction: each pair is predicted from neighbours drawn only from its fold’s six training
datasets. It is further verified that this neighbour pool is exactly the one the released selector
already used, since that selector excludes the query dataset and, with seven datasets, what
remains is the LODO training set; per-pair scores are numerically identical under the two
protocols. What LODO changes is thus not the value but its standing — a number that was
leakage-free only as an accident of the neighbour rule becomes leakage-free by design. The
pooled LODO value of 0.543 over all 21 pairs, not any single split, is the figure this thesis
would defend.

Re-calibrating the released engine per fold recovers much of its ranking qual-
ity, and overfits exactly as predicted. SF-only calibration (six scale factors per intent,
400-sample random search on the fold’s eighteen training pairs) lifts the committed engine
from 0.037 — indistinguishable from random — to 0.306 pooled, confirming the item-J diag-
nosis of §5.10 that the released registry’s uniform scale factors leave intent-conditioning inert.
The fold-mean train-to-test gap, +0.409 — +0.306, reproduces under a leakage-free protocol
precisely the honest negative of the ablation in §5.7: eighteen free parameters against eigh-
teen training pairs overfit. This re-calibrated figure is emphatically not a reproduction of
the published SF-only result (0.573): the calibration procedure differs from the paper’s, and
the calibrated parameters that produce 0.573 remain absent from the repository (item J).

It is a lower bound on what the released artifact achieves under a leakage-free protocol —
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neither a re-derivation of the published value nor a challenge to it.

Sensitivity to the third intent. Repeating both protocols against the TSTR-utility
oracle of §5.11 gives the same picture: pooled LODO 0.475 for the kNN reference and 0.371
for the re-calibrated engine, a 35-split range of 0.283-0.676, and the seed-42 split at 0.525
(69th percentile). The conclusions of this section do not depend on which third intent is

used.

Both protocols are reproducible from the committed artifacts: scripts/lodo_cv.py in
the SYNTHONY repository, archived with its outputs under assets/lodo/ here. Per-pair
predictions, per-fold scale factors, the full 35-split enumeration, and the pinned configuration

(model universe, intents, search budget, seeds) are saved alongside the results.

29



CHAPTER 6

Future Work

Scope note. All directions in this chapter were unimplemented at the time of the paper’s
publication (March 2026). Where subsequent prototyping in the project repositories informs
a design sketch, it is cited as engineering-in-progress; none of it has been evaluated to the

standard of Chapter 5, and no results from it are claimed in this thesis.

6.1 Learning the Capability Registry from Accumulated Out-

comes

The paper names its primary future direction explicitly: learning capability scores from data
rather than hand-crafting them. The methodology chapter showed why the naive version of
this fails — the joint-optimization variant, which frees all 78 parameters against 12 training
pairs, overfits (held-out Spearman 0.557 vs. SF-only’s 0.573). The lesson is not that learning
is wrong but that the supervision corpus is too small; the direction is therefore to grow the

corpus continuously rather than to learn harder from a static one.

The concrete design generalizes the registry-construction pipeline of §3.4.1 from a one-
shot offline benchmark to a living feedback loop. Every full synthesis run — train, generate,
benchmark — already produces exactly the labeled example the calibration consumes: a
dataset stress profile, a model identity, a benchmark score vector, and (equally valuable)

failure labels when a candidate crashes. Four increments follow, in ascending ambition:

1. Outcome accumulation. An idempotent extraction of every run’s (profile, model,
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score vector, success flag) tuple into a durable outcomes store — the successor to the

static evaluation spreadsheet of §3.2.4.

. Continuous recalibration (Level 0). Re-pointing the existing Bayesian calibration
(§3.3.4) at the growing store, making the registry self-correcting as evidence accumu-

lates rather than frozen at the last manual benchmark.

. Meta-learned scoring (Level 1). Per-model score regressors over stress meta-
features — gradient boosting or the meta-feature kNN already present as a Chapter 5
baseline, promoted from baseline to engine option — with the measurement-grounded
rule-based scores retained as the cold-start prior when a profile has no near neighbors.
This directly attacks the remaining gap to the oracle-informed kNN reference (0.573

vs. 0.578 Spearman) while preserving the zero-shot deployment property KNN lacks.

. Exploration (Level 2). A contextual bandit (Thompson sampling; context = stress
profile, arm = model, reward = the scalarized benchmark score) to occasionally try
non-top-ranked candidates — without exploration, a selector that always exploits its
current best guess never learns whether the runner-up would have won (Thompson

sampling and its practical variants: [RVKIS]).

One design decision gates all four: the reward definition. The benchmark emits a score

vector (fidelity, privacy, utility); either it is scalarized consistently with how run-acceptance

thresholds already judge runs, or the vector is predicted whole and weighted per intent at

query time. An accidental, implicit scalarization baked into the outcomes store would silently

distort every downstream increment, so this decision must precede the first line of extraction

At the data volumes realistically accumulated (dozens to hundreds of runs), the appro-

priate model class remains calibration and meta-learning — there are no neural weights to

train anywhere in this plan, and there should not be.
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6.2 Closing the Coverage Boundary and Hardening the Bench-

mark

Section 3.4.3 quantified the coverage attrition: 19 models the library can build, 15 the registry
knows, 10 the oracle covers. Closing it is unglamorous but strictly prior to §6.1 mattering
for the missing models — no learning scheme can recommend a model the registry has never
heard of, and no outcome store accumulates evidence for a model no runner can execute.

Five workstreams:

1. Registry completion. Simulate and measure the four library models absent from
the registry (GaussianCopula, LTM-VAE, TabDiff, TabPFGen) through the §3.4.1
pipeline. This is registry work, not research, but it adds two architectural families
(copulas, foundation-model in-context generation) the selector currently cannot reason

about at all.

2. Runner completion. Five registry models lack an execution runner in the orches-
tration pipeline (CART, DPCART, TabSyn, AutoDiff, SMOTE); until built, their

capability scores stay frozen at the original static benchmark and drift-prone.

3. Pool growth is continuous, not one-time. Newly published generators guarantee
the boundary keeps moving — e.g., RL-based synthesis (ReTabSyn; [LKL26]), cross-
tabular foundation models, and time-series-native tabular generators, none of which is
implemented in either Table-Synthesizers or Synthony today; they are future registra-
tion targets only. The time-series case implies an eventual modality extension of the

stress profile itself (temporal stressors have no dimension in ¢ today).

4. Benchmark expansion. The paper’s own analysis identifies the corpus composition
as the main threat to interpretation: CART’s 8/21 oracle wins reflect a benchmark

of moderate-size, low-cardinality datasets — the regime in which tree-based synthesis
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matches or beats deep generative models at a fraction of their compute [WBK23|. Ex-
panding toward >20 datasets with genuinely high cardinality (>1,000 unique values)
and larger scale (>100,000 rows) should shift oracle winners toward the deep gener-
ative families and reduce majority-class solvability (currently 33.3% Top-1 by always
predicting CART). The paper also conjectures that intent-conditioned scale factors —
which the ablation found harmful at 12 training pairs — become beneficial at this

scale, a directly testable prediction.

5. Baseline repair. The published zero-shot LLM baseline was compromised by API
unavailability (disclosed in the paper’s footnote); re-running it properly is required

before any claim about LLM selection capability, positive or negative, is defensible.

6.3 Agentic Orchestration

The paper positions SYNTHONY as an “agent,” and the title’s use of that word outruns
what was evaluated: the published system performs stress profiling and capability scoring
in a single pass — there is no perception-action loop. The paper does ship the interface
an agent would act through (the MCP server of Appendix C, §4.3), and it is candid about
the gap: its own update-knowledge-base prompt, the closest thing to a feedback cycle, is
described there as “currently human-supervised (the agent proposes changes; a developer

7

reviews and applies them).” The gap between shipping that surface and closing the loop
behind it (§4.4) is what this section specifies. Making the term honest is itself a future-work
program, sketched here as a six-stage design (for which preliminary engineering exists in the

project repository, post-dating the paper):

1. Provider-agnostic LLM access — one client abstraction over multiple LLM

providers with cost accounting, so reasoning steps are portable and auditable.

2. Durable run persistence — every selection episode recorded as a run with typed
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steps, making agent behavior replayable and debuggable rather than ephemeral.

. Multi-turn reasoning — replacing the single-shot hybrid re-rank (§3.3.4) with a tool-
using loop: the reasoning model inspects the stress profile, queries column statistics,
consults rule-based scores and prior attempts, and commits a recommendation through

a typed tool call, with graceful degradation to the rule-based path on failure.

. Closed-loop execution — the selector trains its own recommendation (subprocess-
isolated, cancellable), benchmarks the result, and iterates on quality shortfall: rec-
ommend — train — evaluate — re-reason. This converts selection from a one-shot
prediction into a bounded search, and — connecting to §6.1 — each iteration deposits

an outcome into the learning store.

. Protocol surface — extending the existing MCP server (paper Appendix C; §4.3)
from a selection surface to a selection-plus-synthesis one. The thirteen published tools
are read-and-rank only; closing the loop means adding the run lifecycle — start a
training run, poll its state, cancel it — so that an external agent can invoke the whole
recommend-train-evaluate cycle rather than only its first step. The protocol choice is

already made; what is missing is what sits behind it.

. Operational hardening — concurrency control, cancellation semantics, and a CLI

for headless operation.

The evaluation question this raises is genuinely open: Chapter 5’s metrics (Top-K, Spear-

man against a fixed oracle) assess a ranking, not a policy. An agentic selector that iterates

should be evaluated on regret against the oracle under a training budget — closer to the

framing of algorithm selection under a compute budget [Ric76] than to static ranking ac-

curacy — and no such evaluation exists yet. Agentic operation also imports agentic failure

modes — silent errors inside multi-step agent traces, and adversarial exploitation of tool-call

provenance — both directly applicable to a selector that executes its own tool calls and
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training runs, and both arguing that the §6.3 design should log provenance-complete traces
from day one. Finally, if accumulated synthetic outputs ever feed back into training data

for the generators themselves, recursive-training collapse must be guarded against explicitly

([SSZ24)).

6.4 Multi-Agent Integration: Synthony as a Recommendation

Layer for Downstream Agents

The most speculative direction embeds Synthony as the recommendation-system layer inside
a different agent — for instance, a table-centric question-answering agent that today fixes its
tool set, table schemas, workflow type, and LLM at session start with no feedback loop. The
design (worked out in a companion integration plan, with a verified-then- deferred adapter
prototype) proceeds in five phases: a logging-only adapter with a null pass-through default,
so absent configuration the host agent’s behavior is byte-identical; consumption of ranked
tools/tables; per-message workflow and model hot-swapping; an autonomous self-evaluation
loop closing the feedback channel; and finally specialized sub-agents orchestrated by ranking

— the phase at which the host system becomes genuinely multi-agent rather than multi-table.

The methodologically interesting obstacle is a domain mismatch discovered during
prototyping: Synthony’s recommendation surface answers “which of k synthesis models fits
this dataset,” while an agent host needs “which tool/table/workflow should this agent use
for this message” — a different decision domain requiring its own endpoint, its own feedback
schema, and its own (initially rule-based) ranking policy. Overloading the synthesis-selection
endpoint would conflate two problems that share machinery but not semantics. The general
lesson generalizes beyond this pairing: selection-as-a- service transfers across decision do-
mains only if the recommendation contract is domain-typed — a hypothesis this integration

would test.
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6.5 Methodological Extensions

Three smaller extensions follow directly from limitations acknowledged in Chapter 3:

e Stressor interactions. The additive scoring of Eq. (2) cannot express that high
cardinality and severe skew jointly exceed the sum of their difficulties. Higher-order
interaction terms — or the Level-1 meta-learner of §6.1, which captures interactions

implicitly — would test whether the interpretability cost is worth paying.

Requirement derivation as a learned mapping. The threshold-binned
f :¢(D) — r of §3.3.2 is hand-set; with a larger benchmark (§6.2), the bin edges

themselves become calibratable parameters.

Specification-implementation reconciliation. Post-publication verification
against the released code identified minor discrepancies between the underlying
paper’s method description and the shipped implementation — chiefly in the
requirement-derivation thresholds and the correlation criterion. The published results
were produced by the implementation and are unaffected; reconciling the written
specification with the code, and issuing an erratum where warranted, is deferred to
future work. The same erratum would carry the three incorrect references in the
paper’s own reference list (validity-audit item K, Experiments §5.10), whose fields this

thesis has already corrected against the publisher records.

Per-intent evaluation depth. The privacy intent showed both the strongest discrim-
inative signal (five distinct oracle winners across seven datasets as published; six on
the recovered evaluation matrix, §5.9) and the hardest prediction problem — DP cer-
tification does not reliably predict empirical re-identification risk, as non-DP diffusion
models sometimes achieve lower distance-to-closest-record through smoother density
estimation. Privacy-focused selection is thus the most compelling single use case for

stress-aware selection and the one demanding the most training data; a privacy-only
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deep dive is a natural follow-on study. Replacing the distance-based proxy with attack-
based privacy evaluation (membership inference and related measures — out of scope
for this thesis) would ground the privacy oracle in adversarial reality rather than ge-
ometric proxy, likely reshuffling the privacy rankings and, with them, the calibrated

privacy scale factors.
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CHAPTER 7

Conclusion

7.1 What Was Asked and What Was Built

This thesis began from a diagnosis: the bottleneck in tabular data synthesis has moved from
access to generative models to the selection of them. Five architecturally incommensurable
families now coexist, each with regimes of genuine superiority and documented failure mech-
anisms, and the practitioner deciding among them has had catalogs and leaderboards but
no selector. The thesis posed that gap as an instance of the classical Algorithm Selection

Problem and answered it with a two-system framework:

e Table-Synthesizers, the generation and measurement substrate: 19 published gener-
ators behind one interface, one evaluation code path, and subprocess-isolated execution
— the infrastructure that makes cross-family comparison fair and ground truth man-

ufacturable.

¢ SYNTHONY, the selection layer: stress profiling as a synthesis-specific meta-feature
representation, a measurement-grounded capability registry, intent-conditioned addi-
tive scoring, and Bayesian calibration against intent-conditioned oracles — a selector

that recommends without training a single generator at inference time.

The two systems couple through a deliberately thin, auditable data contract (one reg-

istry file crosses the offline/online divide), which is what makes the selector zero-shot, its
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recommendations per-dimension inspectable, and its registry extensible to new generators

without benchmark reruns.

7.2 What the Evidence Showed

Three findings survive the small-sample caveats stated throughout (9 held-out pairs; conclu-

sions rest on rank correlation and structure, not significance tests):

1. Dataset difficulty signatures predict synthesizer efficacy. Stress meta-features
carry learnable selection signal: a meta-feature kNN reaches 0.578 held-out Spearman
against the oracle, nearly double frequency-based and parametric baselines — the core

hypothesis, confirmed (RQ1).

2. Capability-based selection nearly matches oracle-informed meta-learning —
without the oracle. SYNTHONY’s SF-only variant attains 0.573 Spearman and the
best deployable Top-1 (0.444), within 0.005 of the kNN reference that consumes ground-
truth rankings at inference time. The gap it closes is architectural, not incremental: no
oracle access at test time, interpretable per-dimension reasoning, and new-generator

extensibility (RQ2).

3. Grounded measurement beats free optimization at this data scale. Freeing
all 78 parameters (joint variant) generalizes worse than tuning 18 intent weights over
frozen, measurement-grounded capability scores — and the ablation shows stress pro-
filing is the load-bearing component (its removal costs 0.14 Spearman) while intent
scaling, at 12 training pairs, currently costs rather than pays. The honest reading:
calibration is bounded by ground-truth volume, which is precisely why the registry-

construction pipeline was built to be re-runnable (RQ3).

On the question the paper’s conclusion answered about zero-shot LLM selectors, this

69



thesis deliberately answers nothing: the published baseline was compromised (Experiments

§5.10-A), and no claim in either direction is made until it is re-run.

7.3 Limitations, Restated Once

Four boundaries qualify every claim above. The benchmark is small and composition-biased
(7 moderate-sized datasets; tree-friendly regime; 33.3% majority-class solvability on the test
split) — a limitation of the data, not of the split chosen from it, since §5.12 exhausts all
35 dataset-level splits and every one supports the same conclusion. The privacy oracle is
a distance-based proxy, not an adversarial measurement. The coverage boundary is real:
19 models buildable, 15 registered, 10 benchmarked — a selector cannot recommend what
its registry has never measured. And the additive scoring function cannot express stressor
interactions. None of these is incidental; each maps to a specific, already-scoped remedy in

Chapter 6.

7.4 Closing: the Distance Still to Travel

The title’s preposition is the thesis’s most precise claim. An Auto-Synthesizer — the synthe-
sis counterpart of AutoML — would profile, select, execute, evaluate, and learn from its own
outcomes in a closed loop. This thesis delivers the foundation deliberately: the components
are built, measured against each other by one code path, and calibrated on manufactured
ground truth; the selection layer is validated to near-oracle-informed quality under honest
caveats; and the remaining distance — the executing, self-improving loop, its learning store,
and its expanding registry — is specified in Chapter 6 at task-and-gate granularity rather

than as aspiration. What remains is not a redesign. It is the loop.

70



APPENDIX A

Worked Case Study: Live Profile and

Recommendation Captures

Captured live on 2026-07-15 over the real MCP stdio interface (tools analyze_stress_
profile, rank models rule, rank models hybrid), against dataset/input_data/
IndianLiverPatient.csv — the benchmark’s small-sample + severe-skew case, chosen as
the case-study dataset for exactly that reason. Everything below is transcribed from the

actual tool responses; nothing is illustrative or hand-adjusted.

Re-capture commands (any MCP client against the registered synthony server):

analyze_stress_profile {"dataset_name": "IndianLiverPatient"}
rank_models_rule {"dataset_profile": <profile from above>, "top_n": 5}
rank_models_hybrid {"dataset_profile": <profile>, "method": "hybrid"}

A.1 Dataset Summary

A.2 Dataset-Level Stress Profile (Profile step, §3.3.1)

A.3 Per-Column Analysis (11 columns)

The five enzyme/bilirubin assay columns are precisely the severe-skew cluster — clinically
expected (liver-function markers are right-skewed in patient populations) and exactly the

failure surface the Long Tail stressor names.
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Table A.1: Case-study dataset summary (IndianLiverPatient).

Field Value

Dataset IndianLiverPatient (dataset/input_data/
IndianLiverPatient.csv)

Shape 579 rows x 11 columns

Types 9 numeric, 2 categorical (Gender, Dataset)

Missing values

Capture timestamp

0.0% in every column

2026-07-15T22:29:17

Table A.2: Dataset-level stress profile for IndianLiverPatient.

Stress dimension Measured statistic Threshold Flag

Long-tail skew max |g1| = 10.512 > 2.0 TRUE — 5 severe
(Aspar- columns
tate_Aminotransferase)

Cardinality complexity max unique = 262 > 500 FALSE
(Alkaline_Phosphotase)

Zipfian concentration not detected (max > 0.8 FALSE
categorical top-20%
ratio 0.758 < 0.8)

Small-sample regime 579 rows < 1,000 TRUE

Higher-order correlation  density 0.611, mean R? density > 0.5 TRUE

0.151




Table A.3: Per-column analysis for IndianLiverPatient (11 columns).

Difficulty (overall / skew

Column Type Unique Skewness g1 / card / zipf)
Age numeric 72 —0.034 1/0/1/0
Gender categorical 2 — (zipf ratio 0.758) 1/0/0/1
Total_Bilirubin numeric 113 4.891 4/4/1/0
Direct_Bilirubin numeric 80 3.199 3/3/1/0
Alkaline_Phosphotase numeric 262 3.754 3/3/1/0
Alamine_Aminotransferase numeric 152 6.528 4/4/1/0
Aspartate_Aminotransferase = numeric 177 10.512 4/4/1/0
Total_Protiens numeric 58 —0.292 1/0/1/0
Albumin numeric 40 —0.049 0/0/0/0
Albumin_and_Globulin_Ratio numeric 69 0.992 2/2/1/0
Dataset (label) categorical 2 — (zipf ratio 0.715) 1/0/0/1

A.4 Derived Requirement Vector (Analyze step, §3.3.2)

A.5 Hard Constraint Filtering (row-count gates, applied before

scoring)

Half the deep-generative wing of the registry is eliminated before scoring even begins — the

small-data trap operating as a hard gate.
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Table A.4: Derived requirement vector for IndianLiverPatient.

Capability dimension

Required level (0-4)

Driven by

skew_handling

cardinality _handling

zipfian_handling
small_data
correlation_handling

privacy_dp

4
0

max g; = 10.512 > 3.0

max unique 262 < first bin
edge

not detected

579 rows < 1,000

density 0.611 > 0.5

enters via intent scale factors
only (no intent set in this

capture)

Table A.5: Hard-constraint filtering: models excluded by row-count gates.

Excluded model

Reason (verbatim)

TabSyn

PATECTGAN

AutoDiff

TabDDPM

AIM

Dataset too small
Dataset too small
Dataset too small
Dataset too small

Dataset too small

)
)
579 < 1000)
)
)

579 < 1000
579 < 1000

579 < 1000
579 < 1000
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Table A.6: Rule-based recommendation output for IndianLiverPatient.

Headline
reasoning Headline warning
Rank Model Confidence  small_data correlation skew (verbatim) (verbatim)
1 ARF 0.9545 4/4 v 4/3 v 2<4() “Best for small “skew handling:
(recom- data (score 4)” 2 <4
mended)
alt Identity 1.0000 4/4 v 4/3 v 3 “Perfect “No privacy
reproduction of (copies original
original data” data verbatim)”
alt CART 1.0000 4/4 v 4/3 v 3 “Highest quality “Low privacy
of any model (0.057 — close to
(0.989 avg)” identity)”
alt SMOTE 1.0000 4/4 v 4/3 v 3 “Best correlation  “Designed for
preservation of oversampling,
benchmarked not full
models” synthesis”
alt BayesianNetwork ~ 1.0000 4/4 v 3/3v 3 “Very high “Moderate
overall quality correlation
(0.974 avg)” preservation
(0.500)”
alt GReaT 0.9167 2<4() 3/3v 4/4 v “Handles “small data: 2 <

extreme skewness
(>4.0) better

than any model”

47
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A.6 Recommendation Output (Rank step, §3.3.3) — rank models_

rule, method rule based v2

A.7 Hybrid-Path Degradation, Captured Live

rank models_hybrid with method: "hybrid" was invoked in an environment with no LLM

credential configured. Returned:

Table A.7: Hybrid-path degradation, captured live.

Field Value

method "hybrid (1lm unavailable - used rule_based)"
1lm_reasoning null

Ranking identical to A.6, model for model, score for score

This is the graceful-degradation contract of §3.3.4 witnessed at the real tool boundary:
hybrid mode never fails a request over LLM unavailability, and its fallback is bit-identical

to the deterministic rule path.

A.8 Observations from the Capture

1. Soft thresholds doing their job. The dataset demands skew_handling 4; the rec-
ommended ARF provides only 2, and the system says so in its own output (“(!) skew
handling: 2 < 4”7) while still recommending it — graceful partial credit, not hard
constraint satisfaction. The runner-up tension is visible in the same table: GReaT
is the only candidate meeting skew 4/4, but fails the small-data requirement (2 < 4)
that ARF aces. The scoring is arbitrating exactly the stressor conflict this dataset was

chosen to exhibit.
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2. Identity appears in ranked output. Unlike the paper benchmark (which excludes
Identity as trivially perfect), the MCP ranking tools return it as a 1.0-confidence
alternative with its “not a real synthesizer” warning attached. The thesis case study
should either present it with that caveat or filter it — flagged so the choice is explicit,

not accidental.

3. Displayed confidence is not the ranking key. The primary recommendation
(ARF, 0.9545) carries a lower confidence score than four alternatives at 1.0000 —
primary selection uses the full capability-match scoring, while confidence _score is
a separate quantity. Worth one clarifying sentence wherever this table appears, or a

reader will think the ranking is broken.

4. Intent-blindness of this capture. These MCP tools take no intent /focus parameter,
so this is the unweighted default path (a uniform). Cross-checking the oracle heatmap
(assets/fig winner heatmap.png) for this dataset: the fidelity winner (SMOTE) sits
in the top alternatives v', but the privacy winner (AIM) is excluded by the 1,000-
row gate — a concrete instance where a hard constraint and an intent-conditioned
oracle disagree, and a good discussion point for the thesis: row-count gates encode a

small-data-quality prior that the privacy intent might rationally override.

5. Capability provenance is visible in the payload. Each model’s entry carries
capabilities_source (“spark” empirical vs. “literature” for GReaT) and its em-
pirical preservation scores — the measurement-grounding of Methodology §3.2.4a is

inspectable in every live response, which is the interpretability claim made concrete.
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A.9 Second Capture: Rule vs. Agentic Comparison on abalone

(downloaded variant)

Captured live 2026-07-15/16 on abalone downloaded (4,177 rows x 9 columns; a header-
variant copy of UCI Abalone registered into the data directory). Complementary stress
signature to A.1’s IndianLiverPatient: not small-data, but severe skew (Height, ¢g; = 3.129)
plus high cardinality (4 weight columns, max 2,429 unique values) — and, unlike ILP, no

row-count exclusions: all 15 registry models pass the gates, so both paths choose over the

full field.

Profile summary (from analyze stress profile):

Table A.8: Dataset-level stress profile for the abalone (downloaded) variant.

Stress dimension Measured Flag
Long-tail skew max g; = 3.129 (Height only) TRUE
Cardinality 4 columns > 500 unique (Whole/ TRUE
Shucked/Viscera/Shell_weight;
max 2,429)
Zipfian not detected FALSE
Small-sample 4,177 rows FALSE
Higher-order correlation density 1.00, mean R? 0.672 FALSEY

T See A.11 observation 4 — this flag looks inconsistent with A.2’s.

The comparison. The same dataset was run through both selection paths: the deter-
ministic rule engine (rank models _rule) and the full agentic reasoning loop (run 285a8041:
4 tool-use turns against a self-hosted vLLM Qwen3.5-35B-A3B-FP8, 14,179 tokens, ~73 s of

reasoning — the first fully self-hosted agentic run of this system).
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Table A.9: Rule-based versus agentic selection on the same dataset.

Rule path (rule_based v2)

Agentic path (4-turn LLM loop)

Primary
#2
#3
#4

Requirement vector used

Stated tie-break

Extra outputs

Cost

Excluded models

degraded

GReaT (confidence 1.00)
Identity (1.00)

CART (1.00)

SMOTE (1.00)

skew 3, cardinality 3, others 0

— (no near-tie)

capability match 4 verbatim

warnings

0 tokens, <100 ms

none (4,177 rows passes all gates)

n/a

GReaT (confidence 0.92)
CART (0.88)

SMOTE (0.85)

— (top-3 submitted)
agent-computed weighted scores:
GReaT 8.9, CART 8.0, SMOTE
8.0

“GPU Quality Focus prioritizes
GReaT as cpu_only=false”
per-candidate hyperparameter
hints (e.g. GReaT: batch 500, Ir
1e-3, 100 epochs) +
dataset-grounded rationales
14,179 tokens, ~73 s, $0.00
(self-hosted; “no pricing known”
fallback)

none

false — no fallback taken
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A.10 What the Comparison Shows

1. Convergence, not divergence. Both paths independently select GReaT and sub-
stantially agree on the runner-up set (CART, SMOTE). On a dataset whose stress
profile points clearly at one capability pattern (skew + cardinality — the LLM-based
generator’s 4/4 + 4/4), the agentic loop confirms the rule anchor rather than over-
riding it. This is the designed relationship — the LLM is a re-ranker over grounded

scores, never an unanchored chooser — observed end-to-end on live infrastructure.

2. Where the paths genuinely differ is texture, not verdict. The agentic output
adds per-candidate hyperparameter hints, explicit weighted-score arithmetic in its rea-
soning (“GReaT=8.9, CART=8.0, SMOTE=8.0"), and a named tie-break policy —
at a cost of ~73 s and 14k tokens versus <100 ms and zero. The rule path’s verdict is

free; the agentic path’s explanation is richer.

3. The agent self-filtered the Identity baseline. The rule path returns Identity as
alternative #1 (confidence 1.00, with its “not a real synthesizer” warning); the agent’s
submitted top-3 contains only real synthesizers. Nothing in the prompt forced this —

a small, observed behavioral difference in the agent’s favor.

A.11 Additional Observations

1. Confidence scales are not comparable across paths. Rule confidences saturate
at 1.00 for four models simultaneously; agentic confidences (0.92/0.88/0.85) are the

LLM’s own graded assessment. Any figure comparing them must say so.

2. Oracle cross-check is only partially possible. From the oracle heatmap (assets/
fig winner heatmap.png), abalone’s winners are AutoDiff (privacy) and CART (fi-
delity, latency). CART — both paths’ top real-synthesizer alternative — is consistent

with two of three intents. GReaT itself was never in the 6-model evaluated

80



subset, so the oracle cannot judge either path’s primary pick: a live instance of the
recommendable-but-unbenchmarked coverage boundary (Methodology §3.4.3) surfac-

ing in practice.

. Requirement-bin observation — verified against the implementation (2026-
07-15). The engine’s derived requirement for this dataset (skew 3 at g = 3.129)
follows the implemented thresholds, which differ in minor respects from the underly-
ing paper’s description of the mapping. This thesis documents the implementation
throughout (Methodology §3.3.2); the divergence is recorded as validity item §5.10-1
and its reconciliation deferred to Future Work §6.5. (Full detail: internal erratum file,

never in thesis text.)

. Correlation-flag observation — verified against the implementation (2026-
07-15): behavior correct. The flag detects dense correlation that linear fits fail to
explain — suspected nonlinear dependence — so ILP (dense, linearly weak — TRUE)
and abalone (dense, linearly strong — FALSE) are both correct: abalone’s structure
is strong but linear, which any correlation-preserving model handles, so no elevated
requirement. Methodology §3.3.2 documents these implemented semantics; the under-
lying paper’s brief description of this criterion differs and is covered by the same §5.10-1

/ Future Work §6.5 remark. (Full detail: internal erratum file.)
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