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Abstract

Traditional tabular data synthesis methods of-
ten overlook the cross-modal heterogeneity of
real-world tables, where structured continuous
and discrete attributes coexist with unstruc-
tured long-text columns. Existing synthesis
approaches struggle to simultaneously achieve
accurate statistical fidelity for non-textual at-
tributes and consistent semantic constraints be-
tween textual and non-textual attributes. In
this work, we establish the first benchmark for
long-text tabular data synthesis and introduce a
novel metric, termed Textual Column Correla-
tion Fidelity (TCCF), to quantify cross-modal
semantic alignment. We propose AFT-Tab, an
adversarial fine-tuning framework that synergis-
tically trains an LLM-based text generator and
a deep-learning-based non-textual generator.
Through a dual-feedback mechanism guided
by an LLM discriminator, AFT-Tab ensures
both precise statistical distributions and rigor-
ous semantic constraints. Experimental results
show that AFT-Tab significantly outperforms
state-of-the-art baselines in statistical fidelity,
TCCEF, diversity, and downstream task utility.

1 Introduction

In recent years, tabular data synthesis has attracted
growing attention due to its ability to support data
sharing(Hernandez et al., 2022), data augmenta-
tion(Cui et al., 2024), and data cleaning(Reis et al.,
2024). However, existing studies are limited to tra-
ditional tabular data composed solely of continuous
and discrete columns(Fang et al., 2024). In contrast,
real-world tabular data is increasingly character-
ized by cross-modal heterogeneity(Hulsebos et al.,
2023), often containing both structured numerical
or categorical attributes and unstructured long-text
attributes, such as user reviews on e-commerce
platforms or project descriptions on crowdfunding
platforms (Jensen and Ozkil, 2018; Hulsebos et al.,
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Figure 1: Comparison results on the Wine Dataset.
CLLM(Seedat et al., 2024), GReaT(Borisov et al.,
2023a), and AFT-Tab are all based on the Qwen2.5-7B

model. The rightmost plot illustrates the TCCF between
the text column and the target column.

2023). Synthesizing such mixed-type tabular data
requires not only modeling the joint distribution of
continuous and discrete columns (Wu et al., 2025),
but also capturing the semantic relationships be-
tween textual and non-textual columns(Chen et al.,
2020). For example, when a text review expresses
strong positive sentiment, the corresponding rat-
ing column should be more likely to exhibit a high
value. To the best of our knowledge, there has been
no prior work specifically addressing the synthesis
of tabular data with long-text attributes.

This problem motivates us to investigate whether
existing synthesis methods can be effectively ap-
plied to tabular data containing long-text attributes.
Due to the lack of benchmark datasets for long-text
tabular data and evaluation metrics that capture
the semantic constraints between textual and non-
textual columns(Zhang et al., 2024), we construct
a tabular dataset containing long-text attributes, all
of which are collected from real-world production
systems. In addition, we propose a new evaluation
metric, termed Textual Column Correlation Fidelity
(TCCF), to quantify the discrepancy in semantic as-
sociations between textual and non-textual columns
in synthetic and real data.

Based on the constructed dataset and evaluation
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metric, we conduct a systematic evaluation of ex-
isting synthesis methods. Feasible approaches for
synthesizing long-text tabular data can be broadly
categorized into two classes. The first class directly
leverages large language models (LLMs) to gen-
erate entire tables(Borisov et al., 2023b; Solatorio
and Dupriez, 2023; Seedat et al., 2024). In this
approach, each table row is serialized into a text
sequence, and carefully designed prompts or fine-
tuning strategies are employed to improve the qual-
ity of the generated serialized data(Hegselmann
et al., 2023; Sui et al., 2024). The model outputs
are then decoded back into tabular form, followed
by data filtering strategies to remove noise from the
synthetic data. As shown in Figure 1, LLM-based
methods are able to better preserve semantic corre-
lations in textual columns, but perform poorly in
terms of the statistical distributions of non-textual
columns. This is because serializing non-textual
attributes together with lengthy textual columns
often introduces semantic noise, causing the model
to prioritize linguistic fluency over statistical accu-
racy. As a result, structural distortions arise, where
the synthesized numerical columns deviate from
the original distributions.

The second feasible solution consists of hybrid
approaches. These methods first employ conven-
tional generative adversarial networks (GANs)(Xu
et al., 2019; Armanious et al., 2020; Alshantti et al.,
2024) or diffusion models(Kotelnikov et al., 2023;
Shi et al., 2024; Lee et al., 2023) to generate contin-
uous and discrete columns, and then use an LLM to
generate textual columns conditioned on the non-
textual attributes. Experimental results in Figure
1 indicate that hybrid methods outperform single
LLM-based approaches in modeling the statistical
distributions of non-textual columns, but exhibit
inferior performance in terms of textual similarity
fidelity. This limitation arises because, when gen-
erating textual columns, LLMs are constrained by
their context window and can only rely on a limited
number of examples, which prevents them from ef-
fectively modeling the global distribution of the
textual data and, consequently, weakens the associ-
ation constraints between textual and non-textual
columns.

Motivated by the above experimental findings,
we integrate the strengths of GANs and LLMs to
improve the synthesis of long-text tabular data. To
this end, we propose AFT-Tab, an adversarial fine-
tuning—based framework for long-text tabular data
synthesis. The core idea of AFT-Tab is to combine

adversarial generative training with reinforcement-
based incentives, enabling the joint and coordinated
training of LLMs and GANSs in a unified frame-
work. Through adversarial rewards, AFT-Tab not
only preserves the statistical distributions of non-
textual columns in the original data, but also en-
sures that the constraint relationships between tex-
tual and non-textual attributes in the synthetic data
are consistent with those in the real data. Specifi-
cally, in AFT-Tab, the LLM serves as the generator
for textual columns, producing textual attributes
conditioned on the non-textual columns of the table,
while a deep generative model acts as the genera-
tor for non-textual columns and is responsible for
synthesizing non-textual attributes. Meanwhile, a
separate LLM-based discriminator is employed to
distinguish between real and synthetic data. To en-
sure coordinated optimization between the textual
and non-textual generators, we introduce a dual-
feedback optimization mechanism. The first feed-
back loop applies a reinforcement learning—based
optimization strategy that uses discriminator feed-
back to strengthen the LLM, enabling it to capture
global dependencies in the textual attributes. The
second feedback loop updates the non-textual gen-
erator via an experience replay mechanism, allow-
ing it to better model the statistical properties of
non-textual attributes.

The main contributions of this paper are as fol-
lows:

* We establish the first standardized benchmark
for long-text tabular data synthesis and pro-
pose TCCEF, a metric quantifying semantic dis-
crepancies between textual and structured at-
tributes. Utilizing this framework, we conduct
a systematic assessment of existing synthesis
methodologies.

* We propose AFT-Tab, an adversarial frame-
work designed to preserve the statistical fi-
delity of structured columns while ensuring
that the cross-modal dependencies between
textual and non-textual attributes remain con-
sistent with the real distribution.

* We design a dual-feedback mechanism
through which discriminator signals are lever-
aged to jointly optimize the LLLM and the
GAN within the adversarial framework.

* Extensive experimental results demonstrate
that AFT-Tab significantly outperforms state-
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of-the-art baseline models in terms of non-
textual distribution fidelity, textual correlation
fidelity, synthetic data diversity, and down-
stream task utility.

2 Related Works

2.1 GAN-based Tabular Data Synthesis

Generative Adversarial Networks (GANs) have
been extensively adapted for tabular data to model
complex feature dependencies. Early works like
medGAN (Armanious et al., 2020) and FCT-GAN
(Zhao et al., 2022) introduced autoencoders and
Fourier transforms to handle tabular structures. To
improve control and fairness, conditional architec-
tures were developed: TabFairGAN (Rajabi and
Garibay, 2022) addresses bias, while CasTGAN
(Alshantti et al., 2024) employs a cascaded gener-
ation strategy. Notably, CTGAN (Xu et al., 2019)
and CTAB-GAN (Zhao et al., 2021) utilize con-
ditional sampling and mixed-type encoding to ef-
fectively handle class imbalance and skewed dis-
tributions. RC-TGAN (Gueye et al., 2023) further
extends this to relational data. Despite their suc-
cess in numerical modeling, GANs suffer from
training instability and mode collapse. Crucially,
they lack the inherent capability to generate long-
text sequences, necessitating hybrid approaches
that loosely couple GANs with text generators for
mixed-modal synthesis.

2.2 Diffusion-based Tabular Data Synthesis

Diffusion Models (DMs) (Yang et al., 2023; Cao
et al., 2024) offer a stable alternative to GANs via
iterative denoising. TabDDPM (Kotelnikov et al.,
2023) pioneered this by mapping tabular rows to
continuous vectors, while TABDIFF (Shi et al.,
2024) and CoDi (Lee et al., 2023) introduced spe-
cialized mechanisms for heterogeneous and mixed-
type features. Recent works like CTSyn (Lin et al.,
2024) and RelDDPM (Liu et al., 2024) scale DMs
to cross-table and relational settings. While DMs
surpass GANSs in distribution coverage and stability,
they face significant computational overhead and
struggle with discrete feature modeling. similar to
GAN:Ss, standard tabular DMs cannot natively syn-
thesize semantic-rich long text, often requiring sep-
arate pipelines that fail to capture the fine-grained
correlation between structured attributes and tex-
tual content.

2.3 LLM-based Tabular Data Synthesis

Recent approaches leverage Large Language Mod-
els (LLMs) via prompting or fine-tuning. Prompt-
based methods like CLLM (Seedat et al., 2024) and
TABGEN-ICL (Fang et al., 2025) utilize in-context
learning for low-resource scenarios, with variants
like EPIC (Kim et al., 2024) and LITO (Yang
et al., 2024a) optimizing for class imbalance. Fine-
tuning methods, represented by GReaT (Borisov
et al., 2023a), serialize tabular data into text se-
quences to train autoregressive models. Other
works explore token compression (Tabula (Zhao
et al., 2025)), masked modeling (TabMT (Gulati
and Roysdon, 2023)), and privacy-preserving tun-
ing (HARMONIC (Wang et al., 2024)). Although
P-TA (Yang et al., 2024b) attempts to combine PPO
with GANs, most LLM-based methods treat tabu-
lar synthesis as a pure text generation task. This
serialization often discards the topological struc-
ture of tables, leading to "hallucinations" where
the generated long text is linguistically fluent but
logically inconsistent with the accompanying struc-
tured columns.

3 Benchmark for Long-Text Tabular Data
Synthesis

Given the absence of standardized benchmarks for
long-text tabular data synthesis, we establish the
first comprehensive benchmark comprising diverse
datasets and a multi-dimensional evaluation proto-
col tailored for cross-modal fidelity.

3.1 Benchmark Datasets

Table 1: Statistics of Benchmark Datasets. “Text Cols”
denotes the number of unstructured text columns.

Dataset Train Test  Text Cols Task Metric
Cloth 18,788 4,698 3 Regression R?
Kickstarter 86,502 21,626 3 Binary Class. AUC
Wine 84,123 21,031 3 Multi-class Acc.

We employ three public datasets character-
ized by long-text columns that exhibit strong
semantic correlations with structured target at-
tributes. Adhering to the benchmark protocols
established by (Shi et al., 2021), our evaluation
dataset comprises: Kickstarter(Jensen and Ozkil,
2018), a crowdfunding platform dataset utilized
for the binary classification of project success;
Cloth(Agarap, 2018), an e-commerce dataset that
maps customer reviews to numerical ratings as
a regression task; and Wine(Zynicide, 2017), a
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Figure 2: Overview of the AFT-Tab framework. It orchestrates a non-text generator (Gpon.ext) and a text generator
(G1ext) Within a dual-feedback loop supervised by a discriminator (D).

collection of reviews used for variety identifica-
tion within a multi-class classification framework.
These datasets provide a comprehensive testbed
for assessing the joint distribution modeling ca-
pabilities of generative models across diverse do-
mains. Statistical summaries are presented in Ta-
ble 1, while detailed descriptions are available in
Appendix A.1.

3.2 Textual Column Correlation Fidelity

Conventional marginal metrics often overlook the
intrinsic high-order dependencies between unstruc-
tured text and structured attributes. To quantify
this cross-modal alignment, we propose Zextual
Column Correlation Fidelity (TCCF). Unlike task-
specific utility metrics, TCCF assesses whether
the synthetic text retains the consistent predictive
power regarding structured attributes as observed in
the real distribution. To eliminate hyperparameter
sensitivity and ensure determinism, we standardly
employ TF-IDF feature extraction combined with
basic linear models (Logistic Regression for clas-
sification and Ridge Regression for regression) to
evaluate the predictive strength of the text.

Formally, let D = {7, S} denote a dataset com-
prising textual attributes 7" and structured columns
S. To evaluate the correlation for each S; € S, we
employ a protocol ¢ where the text column T},
with the maximum sequence length serves as the
predictor. Using disjoint training and evaluation
subsets, we train a model on the encoded Ty,.x to
predict each target S;. The correlation scores for
real (Dyea) and synthetic (Dsy,) data are defined
as:

C(l) = ‘I)<Dreala Sz)7 Cg(}z’l)l = (I)(Dsym SZ) (1)

real —

The TCCEF score for column .S; is derived as the
complement of the absolute performance discrep-
ancy:

real

TCCF; = max (07 1— ‘CS()QI (@)

) @

where max(0, -) ensures non-negativity. We report
both the Target TCCF for the designated down-
stream column and the Average TCCF across all
structured attributes. A higher TCCF score signi-
fies superior fidelity, indicating that the synthetic
text preserves the underlying predictive relation-
ships characteristic of the real data.

4 Tabular Data Synthesis with Long Text
via Adversarial Fine-Tuning

4.1 Overall Framework

Figure 2 illustrates AFT-Tab, a framework for syn-
thesizing tabular data with long text via adversarial
fine-tuning. Built upon the GAN paradigm, our ar-
chitecture employs two distinct generators: a model
for non-text attributes (Gpron-text) and a LLM (Gext)
for textual content. A discriminator (D) is con-
currently employed to evaluate the fidelity of the
synthesized samples.

In this adversarial setting, Gpon-text and G'ext col-
laborate to generate composite samples, compris-
ing structured features § and textual sequences ¢,
aiming to deceive D. Conversely, D learns to dis-
tinguish between the real distribution pg,e, and the
synthetic distribution. This interaction is formal-
ized as a minimax game with the objective function
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V(Gnon-texb Gtexta D ):

min max V(D, Gron-exts Grext) =

Ghon-text, Glext

E(Svt>NPdutu [log D(S, t)] + E?"‘Gnon—text [log(l - D(’§7 E))]
tNGlexl("'§>
(3)

Distinguished from standard GANs, AFT-Tab im-
plements a dual-feedback mechanism where sig-
nals from D independently guide both generators.
This approach shifts the paradigm from isolated
generation to co-evolution, iteratively enhancing
the joint fidelity of structured and textual modali-
ties.

4.2 Model for Non-Text Attributes Synthesis

We employ the CTGAN architecture (Xu et al.,
2019) as the backbone for Gpontext- This choice
is motivated by its proven efficacy in modeling
complex joint distributions p(s) characterized by
multi-modal continuous variables and imbalanced
categorical features. While initialized on real struc-
tured attributes, our approach diverges from stan-
dard independent training by incorporating continu-
ous feedback from the global discriminator D. This
integration dynamically optimizes the generation
strategy, ensuring that the synthesized structured
data serves as a statistically faithful and semanti-
cally coherent condition for the subsequent text
generator Glext.

4.3 Reinforcement Learning based Long Text
Columns Synthesis

We utilize a LLM as the foundation for text synthe-
sis, employing a two-stage optimization process to
ensure semantic coherence between the generated
text and structured attributes.

Stage 1: Supervised Fine-Tuning. Initially, we
adapt the LLM (policy network y) to the specific
task domain using real data. Non-text columns
Snon—text are serialized into text prompts, with the
corresponding long text columns S¢ez: SETVINg as
target outputs. This initialization enables the model
to capture fundamental conditional dependencies.
The training objective is defined as:

LSFT(G) = - Z 10g 7T9(Ste;rt lsnon—te;vt) (4)

Stage 2: Reinforcement Learning Optimiza-
tion. Subsequently, we integrate discriminator
feedback via an RL loop to refine the generation
strategy. We formulate conditional text genera-
tion as a policy optimization problem: the state

s¢ corresponds to the synthesized structured data
Snon—tezt from Gpon_tert, and the action a; is the
generated text sequence S¢e.¢. The reward signal R
is directly derived from the discriminator D, such
that R(Snon—texta Stext) = D(Snon—texta Ste:(:t)a
thereby propagating adversarial gradients to the
text generator.

To mitigate the instability of sparse rewards, we
introduce a value network Vj(s;) to estimate the
expected return. The advantage function Ay, quan-
tifying the value of action a; relative to the baseline
at state s¢, is computed using the immediate reward
Rti R

At = Rt - V¢(St) (5)

Adopting Proximal Policy Optimization (PPO),
we employ a clipped surrogate objective to con-
strain policy updates. The single-step objective
L(0) applies asymmetric clipping based on the
sign of the advantage function:

if A, >0

_Jmin(r:(0),1+¢) - Ay
M@{ itd, <o ©

max(r¢(0),1 —¢) - A,

The global objective maximizes L7 (9)

[ [L(6)]. Here, r,(0) denotes the probability ratio
between the current and old policies, while € de-
fines the trust region. This mechanism encourages
actions with positive advantages while limiting ex-
cessive policy shifts to ensure stability.

Our application of RL diverges from standard
static environments in two key aspects. First, the
reward function is non-stationary, dynamically pro-
vided by a co-evolving discriminator D, necessitat-
ing continuous adaptation by the policy. Second,
this RL loop is integral to the dual-feedback archi-
tecture; high-quality samples reciprocally enhance
the non-text generator Gpon—tert. Consequently,
the LLM actively explores generation strategies to
maximize global consistency rather than merely
mimicking surface-level patterns.

4.4 Dual Feedback Optimization

The dual feedback optimization mechanism fosters
the co-evolution of the non-text and text generators,
enabling mutual enhancement through interaction
rather than isolated improvement to maximize over-
all data fidelity.

The first feedback loop implements RL-based
Policy Optimization to target the text generator.
Here, the reward signal provided by the discrimina-
tor D continuously refines the LLM policy g via
the PPO algorithm. By maximizing this reward, the
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LLM is incentivized to achieve rigorous alignment
between the textual output and the structured con-
ditions, ensuring semantic and logical consistency.

The second feedback loop utilizes Experience
Replay with High-Quality Samples (Dy,) to refine
the non-text generator Gpon_text- POSt-generation,
the discriminator D assesses the authenticity of the
synthesized samples, yielding a binary classifica-
tion:

DY ',t') _ 1 Sample classified as real
0 Sample classified as fake

We isolate the high-quality subset Dj,, from the
synthesized batch. Specifically, for generated pairs
(s',t") sampled via s ~ Gpon-text and t' ~ mg(+|s’),
we retain those satisfying the authenticity criterion:

Dpg = {(s',t') | D(s',t') =1} (8)

The structured components {s'|(s',t") € Dp,}
are subsequently extracted and added to an experi-
ence replay buffer. Combined with the original real
data, they constitute an augmented training set for
the subsequent iteration of Gyon-text. This process
serves as a dynamic data augmentation mechanism,
guiding Ghon-text t0 produce structured attributes
that are amenable to coherent textual description.

These two feedback loops establish a syner-
gistic cycle. An improved text generator creates
more convincing composite samples, thereby en-
riching the high-quality training data for the non-
text model. Conversely, a refined non-text genera-
tor produces more realistic structured conditions,
facilitating the task of conditional text synthesis.
Through this iterative adversarial process, the AFT-
Tab framework drives both modules to jointly ap-
proximate the true data distribution, ensuring high
fidelity in both low-level statistical features and
high-level semantic relations.

5 Experiments

5.1 Experimental Setup

Datasets and Metrics. We use the benchmark
datasets and evaluation metrics introduced in Sec-
tion 3. To quantify distributional discrepancies,
we employ the Wasserstein distance for continu-
ous attributes and the Jensen-Shannon divergence
for categorical features (Arjovsky et al., 2017; Xu
and Veeramachaneni, 2018). Textual fidelity is as-
sessed via Semantic Similarity, calculated as the
cosine similarity between real and synthetic em-
beddings. Detailed definitions and formulations

of WD, JSD, and Semantic Similarity are pro-
vided in Appendix A.2. For practical utility, we
adopt the Train-on-Synthetic, Test-on-Real (TSTR)
paradigm, reporting AUC, R?, and Accuracy appro-
priate to each task. We benchmark performance us-
ing three modeling strategies: All-text (Raffel etal.,
2020), which fine-tunes a BERT predictor on gener-
ated text; Fuse-early (Hu and Singh, 2021), which
concatenates text embeddings with structured fea-
tures for MLP processing; and Fuse-late (Audebert
et al., 2019), which aggregates prediction logits
from independent BERT and XGBoost models.

Baselines and Implementation. To evalu-
ate the efficacy of AFT-Tab, we benchmark it
against four state-of-the-art methods spanning di-
verse paradigms: (1) CLLM (Seedat et al., 2024),
a prompt-based approach leveraging LLM priors
for low-resource synthesis; (2) CTGAN+LLM (Xu
et al., 2019), a hybrid pipeline utilizing CT-
GAN for structured attributes and a fine-tuned
LLM for conditional text generation; (3) TabD-
DPM+LLM (Kotelnikov et al., 2023), which pairs
a diffusion model for tabular generation with an
LLM; and (4) GReaT (Borisov et al., 2023b), a
purely autoregressive LLM-based approach that
synthesizes serialized rows. Regarding our imple-
mentation, we initialize the text generator Giex¢
with Qwen2.5-7B-Instruct. Comprehensive hy-
perparameters and engineering details are provided
in Appendix A.3.

I Qwen2.5-7B+CLLM
[Z3 Qwen25-7B+CTGAN

X Qwen2.5-7B+TabDDPM
= Qwen2.5-7B+GReaT

[ Qwen2.5-7B+AFT-Tab

Target Column TCCF Average TCCF
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Figure 3: Textual Column Correlation Fidelity (TCCF)
comparison.
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Table 2: Combined results of Statistical Fidelity and Semantic Similarity. Bold indicates best performance. .

Dataset Method Statistical Fidelity Semantic Similarity
Avg WD | Avg JSD | Text-Col Sim. T Table-wise Sim. 1
Qwen2.5-7B+CLLM 6230.8 0.1894 0.5503 0.8524
Qwen2.5-7B+CTGAN 6113.45 0.1577 0.5521 0.8620
Kickstarter Qwen?2.5-7B+TabDDPM 140988.4 0.0136 0.6059 0.8439
Qwen2.5-7B+GReaT 460446.9 0.1138 0.5343 0.7874
Qwen2.5-7B+AFT-Tab (Ours) 4930.8 0.1626 0.5492 0.8717
Qwen2.5-7B+CLLM 248.77 0.1733 0.6018 0.8626
Qwen2.5-7B+CTGAN 6.836 0.1445 0.5047 0.8535
Cloth Qwen?2.5-7B+TabDDPM 27.012 0.2615 0.5073 0.8641
Qwen2.5-7B+GReaT 27.41 0.2353 0.4602 0.8478
Qwen2.5-7B+AFT-Tab (Ours)  4.112 0.1339 0.5316 0.8950
Qwen2.5-7B+CLLM 11.291 0.2946 0.7698 0.9200
Qwen2.5-7B+CTGAN 2.985 0.1412 0.7557 0.9316
Wine Qwen2.5-7B+TabDDPM 3.513 0.2104 0.7310 0.9193
Qwen2.5-7B+GReaT 7.568 0.3484 0.5227 0.8507
Qwen2.5-7B+AFT-Tab (Ours)  2.639 0.1377 0.7779 0.9387

5.2 Evaluation of TCCF

Figure 3 presents the evaluation of cross-modal
dependency preservation between structured at-
tributes and text, measured by both Target Column
TCCF and Average TCCF. Our findings reveal that
Qwen2.5-7B+AFT-Tab consistently outperforms
all baseline methods across diverse datasets, par-
ticularly those characterized by complex semantic
associations. On the Cloth benchmark, AFT-Tab
achieves a remarkable Target TCCF of 0.9673, sur-
passing the leading competitor CLLM by a sub-
stantial margin. Similarly, on the Wine dataset,
our model maintains near-perfect consistency with
a score of 0.9841, whereas the purely generative
baseline GReaT exhibits a marked performance de-
cline to 0.4440. This empirical advantage validates
the efficacy of our RL-driven consistency reward,
which explicitly mitigates semantic misalignment
during training. In contrast, hybrid pipelines such
as CTGAN+LLM are often constrained by their de-
coupled generation processes, while serialization-
based approaches face challenges in capturing long-
range dependencies between feature tokens and
generated text, leading to the observed degrada-
tion in fidelity. Detailed column-wise results are
provided in Appendix A .4.

5.3 Statistical and Semantic Fidelity

Table 2 presents a comprehensive quantitative anal-
ysis spanning both statistical fidelity and seman-
tic alignment. Regarding statistical metrics, AFT-
Tab achieves the most balanced trade-off between
continuous (WD) and categorical (JSD) fidelity.
Specifically, on the Cloth dataset, our method sig-
nificantly outperforms the second-best approach,
CTGAN+LLM, in terms of WD. Notably, while

baselines such as TabDDPM+LLM may attain low
JSD scores on Kickstarter, they suffer from dispro-
portionately high WD. This discrepancy suggests
that such baselines effectively match discrete fre-
quencies but fail to capture the underlying con-
tinuous manifold, highlighting the necessity of
preserving the joint distribution—a capability that
AFT-Tab enhances through its dual-feedback mech-
anism.

I Original CLLM
(a) Sample Size: 100

CTGAN GREAT

I TabDDPM
(b) Sample Size: 500

B AFT-TAB

’

Figure 4: t-SNE visualization of real (Original) and
synthetic data distributions on Cloth.

Beyond marginal distributions, the right-hand
section of Table 2 details the semantic similarity
results, revealing a critical distinction between lin-
guistic plausibility and actual data utility. On the
Wine dataset, for instance, CLLM produces text
that closely mirrors real reviews, achieving high
Text-Column Similarity; however, it exhibits weak
logical correlations with the associated structured
attributes. In contrast, AFT-Tab demonstrates ro-
bust performance across both metrics, maintaining
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Table 3: Comparative analysis of downstream machine learning utility using R?, AUC, and Accuracy. AFT-Tab
demonstrates consistent superiority over baseline methods.

. 2 .
Method | Kickstarter (AUC) | Cloth (R?) | Wine (Acc)
‘ All-text Fuse-Late Fuse-Early ‘ All-text Fuse-Late Fuse-Early ‘ All-text Fuse-Late Fuse-Early

Real Data | 80.2 77.1 777 | 748 74.3 746 | 824 82.1 82.2
Qwen2.5-7B+CLLM 57.0 58.5 56.9 54.4 55.3 59.9 40.9 423 423
Qwen2.5-7B+CTGAN 57.5 56.6 56.6 12.6 242 -13.9 40.3 379 40.4
Qwen2.5-7B+TabDDPM 59.1 56.9 56.7 18.3 16.0 5.6 24.1 26.4 24.0
Qwen2.5-7B+GReaT 55.5 53.1 56.5 -16.1 -16.6 -14.9 18.2 17.0 16.2
Qwen2.5-7B+AFT-Tab (Ours) | 66.3 64.8 66.5 61.0 58.9 62.8 67.4 68.6 68.0

comparable Text-Column Similarity while securing
superior Table-wise Similarity. These findings im-
ply that while prompt-based baselines may achieve
surface-level fluency, AFT-Tab succeeds in gen-
erating naturalistic text that simultaneously main-
tains rigorous table-level consistency, driven by
the alignment constraints imposed during the RL
optimization phase.

5.4 Visualization of Data Distributions

To qualitatively assess the preservation of global
data structure, Figure 4 visualizes the alignment
between real and synthetic data distributions via t-
SNE projections on the Cloth dataset. Observations
indicate that samples generated by AFT-Tab exhibit
substantial overlap with the real data, accurately
recovering multiple density modes. Conversely,
CLLM displays severe mode collapse, whereas
GReaT generates diffuse noise with poor structural
definition. These distinct patterns confirm that the
experience replay mechanism effectively stabilizes
training, enabling the tabular generator to learn
and reproduce robust structural representations that
mirror the complexity of the real distribution.

5.5 Machine Learning Utility

Table 3 validates the practical utility via the Train-
on-Synthetic, Test-on-Real paradigm. Our results
indicate that AFT-Tab consistently achieves state-
of-the-art performance across all evaluation sce-
narios, effectively bridging the utility gap relative
to real data. In the context of the Cloth regres-
sion task, baselines such as CTGAN+LLM and
GReaT yield negative R? scores under the early
fusion setting. This failure suggests that the textual
modality generated by these baselines introduces
detrimental noise, which compromises the predic-
tive signal derived from structured features. Con-
versely, AFT-Tab secures robust positive results,
demonstrating that its synthesized text maintains
strong alignment with the target variables. Further-
more, AFT-Tab exhibits superior stability across

fusion strategies compared to competing methods.
While baselines like TabDDPM suffer marked per-
formance declines when transitioning from late to
early fusion, AFT-Tab maintains consistently high
predictive capability irrespective of the fusion strat-
egy. This stability underscores the efficacy of the
cross-modal coupling within our framework, en-
suring that textual and structured attributes provide
complementary rather than conflicting information.

Table 4: Ablation study of component contributions on
the Cloth dataset.

Configuration WD | TCCF{ Utility (R?) 1
AFT-Tab (Full Model) 4.112 09116 61.0

w/o RL Optimization (Giext) 4.575  0.8932 59.7

w/o Experience Replay (Ghon-text) 6.109  0.8915 59.1

5.6 Ablation Study

To isolate the individual contributions of the com-
ponents within our dual-feedback mechanism, we
conducted an ablation study on the Cloth dataset,
with results detailed in Table 4. First, we assess
the role of Reinforcement Learning in the text gen-
erator; the removal of the PPO phase, relying ex-
clusively on SFT, results in a notable decline in
the TCCF score. This reduction suggests that su-
pervised learning predominantly captures surface-
level regularities but lacks the incentive to enforce
the rigorous instance-level consistency provided
by the discriminator’s reward signal, leading to
generic text generation. Furthermore, we evalu-
ate the impact of feedback on the non-text gener-
ator (Ghon-text). Disabling the experience replay
mechanism leads to a significant deterioration in
the WD. This finding underscores that replaying
text-compatible structured samples is critical for
guiding the generator away from attribute combina-
tions that are statistically plausible yet semantically
incoherent, thereby mitigating the propagation of
errors to the final output.
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6 Conclusion

In this paper, we introduce AFT-Tab, an adversarial
framework designed to synthesize tabular data with
long-text attributes. By leveraging a novel dual-
feedback mechanism, our approach coordinates a
Large Language Model and a non-text generator to
ensure strict semantic consistency between textual
and numerical fields. We also propose a standard-
ized benchmark and the Textual Column Correla-
tion Fidelity (TCCF) metric for rigorous evaluation.
Extensive experiments demonstrate that AFT-Tab
significantly outperforms state-of-the-art baselines
in preserving both statistical distribution and cross-
modal dependencies.

Limitations

Despite its superior performance, AFT-Tab has spe-
cific limitations. First, the integration of an LLM
within a reinforcement learning loop incurs higher
computational costs compared to traditional GAN-
based methods. However, given the substantial
leap in cross-modal consistency and the core TCCF
metric, we believe this one-time training invest-
ment is justified. A detailed empirical comparison
of computational complexity is provided in Ap-
pendix A.5. Second, the length of synthesized text
is constrained by the context window of the under-
lying language model, which may limit the gener-
ation of extremely long documents. Finally, our
current framework does not explicitly model dif-
ferential privacy, a critical requirement for certain
sensitive applications. While high recall indicates
the model does not merely memorize training data,
privacy-preserving tabular synthesis remains a dis-
tinct and crucial research field. As a foundational
generative framework, AFT-Tab can theoretically
be integrated with existing privacy techniques like
DP-SGD, which we leave for future work.
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A Appendix

A.1 Dataset Details

In this study, "Long-Text" columns primarily refer
to "paragraph-level" text fields, which contain sig-
nificantly more tokens than typical short-text fields.
While actual long-form documents like medical re-
ports and legal contracts possess substantial token
lengths, they are rarely stored natively within tabu-
lar datasets and typically exist as independent files,
falling outside the primary scope of this work.

(1) Kickstarter (Jensen and Ozkil, 2018): A bi-
nary classification dataset predicting crowdfunding
success. It integrates numerical attributes (e.g.,
goal, backers) with project descriptions, serving
as a standard for evaluating heterogeneous data
modeling.

(2) Cloth (Agarap, 2018): Consisting of over
23,000 women'’s clothing reviews, this dataset tar-
gets sentiment prediction (regression). It combines
unstructured reviews with structured demographics
(age) and product categories, providing a realistic
scenario for NLP-tabular fusion.

(3) Wine (Zynicide, 2017): A large-scale dataset
with ~130k wine reviews connecting unstructured
descriptions to structured attributes (price, points,
variety). It supports both regression and multi-class
classification tasks, testing the model’s ability to
capture fine-grained product quality signals.

A.2 Evaluation Metrics

A.2.1 Wasserstein Distance (WD)

Wasserstein distance (Arjovsky et al., 2017), also
known as Earth Mover’s Distance (EMD), mea-
sures the minimum “cost” required to transform
one distribution’s probability mass into another,
where the cost is defined as the amount of mass
moved times the moving distance. In the one-
dimensional case, it can be intuitively expressed
as the integral of the area between the two cumu-
lative distribution functions (CDFs) F..q;(z) and
Foyn(z):

Wl (Freah Fsyn) = / |F’real (x) — Fsyn(l')| dx (9)

A WD of 0 indicates that the two distributions are
identical; larger values imply greater distributional
discrepancy.
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A.2.2 Jensen—Shannon Divergence (JSD)

Jensen—Shannon Divergence (Menéndez et al.,
1997) is a symmetric, smoothed, and bounded vari-
ant of KL divergence, which mitigates KL'’s asym-
metry and potential to become infinite. Given two
discrete probability distributions P and (), we first
define their mixture distribution as M = (P +Q).
The KL divergence is:

P(x)
Q(x)

DgL(P || Q) =) P(x)log (10)

Then the JSD is defined as the average of the KL.
divergences from P and () to M:

JSD(P || Q) = 5 Dc(P | M)+ 5Dxe(@ | M) (11)

A JSD of 0 indicates perfect agreement (P = Q);
larger values correspond to larger divergence be-
tween the two distributions.

A.2.3 Semantic Similarity

To evaluate the overall similarity between text
columns in the synthetic data and those in the real
data, we measure semantic proximity by computing
cosine similarity between their embedding repre-
sentations. Cosine similarity is defined as

XTy

CosineSim(x,y) = m,

(12)
where x and y denote the embeddings of a real-text
instance and its synthetic counterpart, respectively.
Equivalently, letting x; and y; be the i-th dimen-
sions of x and y, we have

_ Z?=1 TiYi )
\/Z?zl 7 \/Z?:l Y7

CosineSim(x, y)

13)

Higher cosine similarity indicates stronger seman-
tic consistency between synthetic and real text
columns.

A.3 Implementation Details

Our framework is built upon the LLaMA-
Factory (Zheng et al., 2024) library, leveraging
its efficient pipelines for instruction tuning and re-
inforcement learning. To ensure training stability
in our distributed environment, we explicitly dis-
able NCCL P2P and IB communication. For opti-
mization, the SFT phase utilizes a learning rate of
2 x 1075, while the PPO phase employs a reduced
learning rate of 1 x 10~% with a batch size of 64.

A.4 Complete TCCF Results

Tables 6-8 report the column-wise TCCF scores
on Kickstarter, Wine, and Cloth. The results show
that Qwen2.5-7B+AFT-TAB achieves consistently
strong cross-modal consistency across heteroge-
neous attributes, matching the trend of the aggre-
gated metrics in Figure 3. On Kickstarter (Ta-
ble 6), AFT-TAB maintains high TCCF across both
categorical fields (e.g., final_status, currency)
and the numerical attribute goal, whereas hy-
brid baselines such as CTGAN/TabDDPM exhibit
larger per-column variance, suggesting weaker
global semantic coupling after decoupled gener-
ation. On Wine (Table 7), AFT-TAB preserves
near-perfect consistency on semantically rich at-
tributes like variety while remaining competitive
on points and price; in contrast, the purely gener-
ative baseline GReaT suffers a substantial drop on
variety, which dominates its overall degradation.
On Cloth (Table 8), AFT-TAB delivers balanced
improvements on hierarchical semantic attributes
(e.g., Class Name, Department Name, Division
Name) where serialization-based or purely gener-
ative methods often degrade, indicating that the
RL-driven consistency reward effectively mitigates
attribute-text misalignment under long-range de-
pendencies.

A.5 Computational Complexity

Table 5 presents a comparison of the computational
complexity and efficiency of our AFT-Tab frame-
work against various baseline methods on the Wine
dataset. The experiments were conducted in a 4-
GPU A800 (80G) environment. While memory
usage is largely consistent across methods, AFT-
Tab requires more training time due to the PPO
policy optimization stage. However, this additional
time cost is acceptable considering the substan-
tial performance gains in cross-modal consistency
(TCCF).

Table 5: Training overhead comparison on the Wine
dataset.

Method GPUs Training Time TCCF
CTGAN+Qwen2.5-7B 4 (A800 80G) 57 min 0.6552
TabDDPM+Qwen2.5-7B 4 (A800 80G) 1 hour 15 min  0.6582
GReaT+Qwen2.5-7B 4 (A80080G) 1hour26 min 0.4440
AFT-Tab+Qwen2.5-7B 4 (A800 80G) 2 hours 37 min  0.9841

A.6 Synthetic Data Samples

To provide a granular assessment of the generative
fidelity, Table 9 presents a side-by-side comparison
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of review samples from the real dataset versus those
produced by our generative model. These samples
span a diverse range of user attributes (e.g., age),
metadata (e.g., ratings, titles), and unstructured text
content.

A close inspection reveals that the synthetic re-
views exhibit a remarkable degree of semantic and
stylistic alignment with the ground truth. The gen-
erated texts successfully replicate the natural flow
of colloquial language and reasonable subjective
judgments characteristic of authentic user feed-
back. Notably, the model captures fine-grained
contextual details such as specific body measure-
ments, fit recommendations, and tactile descrip-
tions of materials while also preserving complex
emotional nuances, including ambivalence (e.g., ex-
pressing disappointment while retaining the item).
This high level of coherence and specificity makes
the synthetic samples challenging for humans to
distinguish from real reviews, demonstrating the
model’s capability to effectively model the multidi-
mensional joint distribution of structured attributes
and unstructured text.
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Table 6: TCCEF results on the Kickstarter dataset

Method final_status country currency disable_communication goal Average
Qwen2.5-7B+CLLM 0.8837 0.7021 0.7828 0.6849 0.8430 0.7793
Qwen2.5-7B+CTGAN 0.8157 0.9109 0.8973 0.8179 0.9571  0.8798
Kickstarter Qwen2.5-7B+TabDDPM 0.7914 0.9032 0.9182 0.6279 0.9782  0.8438
Qwen2.5-7B+GReaT 0.8173 0.7574 0.7726 0.7062 0.9635 0.8034
Qwen2.5-7B+AFT-TAB 0.9359 0.8853 0.8784 0.7591 0.9592  0.8836

Table 7: TCCF results on the Wine dataset

Method variety country points price Average
Qwen2.5-7B+CLLM 0.9240 0.9253 0.9911 0.6314 0.8680
Qwen2.5-7B+CTGAN 0.6552 0.9502 0.9492 0.8119 0.8416
Wine Qwen2.5-7B+TabDDPM  0.6582 0.9211 0.9337 0.9689 0.8705
Qwen2.5-7B+GReaT 0.4440 - 0.8735 0.7263 0.6813
Qwen2.5-7B+AFT-TAB  0.9841 0.7639 0.9825 0.9894 0.9300

Table 8: TCCEF results on the Cloth dataset

Method Rating Age Class Name Department Name Division Name Positive Feedback Count Average
Qwen2.5-7B+CLLM 0.7087 0.9241 0.8026 0.9368 0.9867 0.8875 0.8744
Qwen2.5-7B+CTGAN 0.6505 0.9114 0.7463 0.6974 0.8887 0.9104 0.8008
Cloth Qwen2.5-7B+TabDDPM  0.6505 0.8432 0.6841 0.7568 0.8242 0.8894 0.7747
Qwen2.5-7B+GReaT 0.4115 0.8879 0.4445 0.3831 0.8188 0.9469 0.6488
Qwen2.5-7B+AFT-TAB  0.9673 0.8697 0.9019 0.9121 0.9936 0.8681 0.9188

Table 9: Qualitative comparison of real vs. synthetic reviews. The synthetic samples demonstrate high fidelity in
linguistic style, emotional coherence, and specific attribute details (e.g., fit, material).

Age Rating Title Review Text

Panel A: Real Data Samples

22 5 Cannot get enough of this! This is beautiful and fits perfect. It’s even prettier in person, and
extremely comfortable and high quality. I'm 5’3" and it hits right above
the knee. The straps are adjustable and fit true to size. I bought an XS
and it fits perfect. Must buy for a sweet little night gown!

32 1 Ugly design So I bought this, even after seeing the other reviews because I love the
designer... This fits just as others describe. It was not flattering to me at
all, 5"2. Had to go back.

85 3 I’'m a lil disappointed Wish someone warned of the navy one being not as pictured!! I ordered
the navy because the crocheted part appeared to be more intricate than
the ivory. In reality, the navy knit is just like the ivory... I'm not a fan
of tops that require a camisole but this top is a very "retailer" piece so
most likely I will keep it.

Panel B: Synthetic Data Samples (Ours)

40 5 Adorable pants These are so cute! I am 5’1" and got the petite size. I would have
needed the regular size in another pant I tried on at store. These fit
nicely but not too tight and were not too short. They could go from
work to out with friends. You do get a ton of fabric for this price point.

31 1 The fabric is too thin This piece of clothing was extremely uncomfortable because of the very
thin fabric. It would have been better if they had made it with silk or a
sheer material but still covered in sequins.

82 3 Not as pictured This dress is beautiful in the pictures. The color is rich but more of a
purple or rose color then the picture shows. The top looks as shown on.
The skirt is not at all as it is shown. It isn’t flowered, it’s just a dark
floral print and it doesn’t have pockets like shown.
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