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A method for generating tabular data based on LLM prompt words

Zhang Shuang', Fang Jun'*", Ouyang Chen'
(1. School of Information, North China University of Technology, Beijing, 100144, China;
2. Beijing Key Laboratory on Integration and Analysis of Large-Scale Stream Data,
North China University of Technology, Beijing, 100144, China)

Abstract: Large Language Model (LLM) have demonstrated significant potential in tabular data generation. However, they
often struggle to accurately preserve the statistical dependencies between columns. To address this challenge, we propose
TabProLLLM, a probabilistic prompting framework that separately generates numerical and categorical columns using
strategies grounded in probability distributions. For numerical columns, we fit a Gaussian Mixture Model (GMM) to
decompose the empirical distribution into multiple Gaussian components. Prompts are then constructed based on these
segmented distributions to guide the LLLM in generating realistic numerical values. For categorical columns, we condition on a
reference numerical column by partitioning its range and computing the conditional probability distribution of each category
within each interval. These conditional probabilities are embedded into the prompt design to steer the generation of
categorical data consistent with observed inter-variable dependencies. During prompt construction, correlation coefficients and
other statistical measures are incorporated to verify that the generated data preserves the correlation structure of the original

dataset. Experimental results on 10 public datasets show that TabProlLLM, while ensuring strong data privacy, achieves
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performance gains of 0.5% to 18.3% over existing methods across multiple fidelity metrics in the SDMetrics toolkit,

including RangeCoverage, CategoryCoverage, KSComplement, and TVComplement. On the CorrelationSimilarity metric,

TabPro-LLLM performs comparably to the state-of-the-art TabDDPM model and surpasses GPT-40 (using mean-variance

prompts) by approximately 4.1%. Furthermore, in privacy evaluations, TabProl.L1LM achieves top or second-best performance

across DCR and NNDR metrics (evaluated at the 5" percentile), highlighting its robust privacy-preserving capabilities.

Keywords: tabular data generation, large language model, prompt words, conditional probability
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Prompt:

Generate a synthetic dataset containing n rows with numerical values

Statistical Properties of X% of the data from a normal distribution |
: Variables N(meanl, stdl)

Please generate data ensuring the following
: specified correlations between variables:
i Correlation Structure
H The correlation coefficient between [Variable X]
and [Variable Y] is ...

All numerical values generated must be within the
realistic min and max bounds defined for each
variable.

The correlation structure specified above must be
closely adhered to.

The generated dataset should accurately reflect
the specified statistical distributions and maintain
consistency throughout.

Constraints

B2 HEIHRERARR
Fig.2 Prompt template for numerical columns
0] Aty 25 30 [] B A8 5% AR 5 A B2 SRR 3 DU A
JI A AR R BB TR 25 g SCRY B TR BRI Y, Of:
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Prompt:

Generate a synthetic dataset with n rows. For the categorical variable [Target

Global Distribution the original dataset is as follows:

The overall distribution of [Target Vaﬂ)le]iini' \
‘[Category Al: xx% ‘

y a
: 'When [Condition Variable] = Group 1: H
i Conditional Probability  [Category A: xx% '
! Distribution

The sampled values of [Target Variable] must
reflect the above-defined conditional probabilities
based on [Condition Variable].

If no condition is matched, default to the overall
category proportions.

Ensure that category values are realistic for the
corresponding condition group.

Constraints

Fig.3 Prompt template for categorical columns

SR P AR OG R RS F AR 2 ) 14 22 Sl i %
B L I, B0 R S A5 BRI BB A S — A AT
TS B, JEE X A A R 2 R — b A
A H B, B PR RS WL 3. 2. KR B4R R
A A & 4 B

Prompt:

After generating the dataset, perform the following checks:

If the absolute difference between any element |
of the two matrices exceeds threshold
(hyperparameter), you must regenerate the
entire dataset.

Check Pearson
Correlation Matrix

Check Marginal
Distributions deviates from the target (e.g., missing modes,

If any column’s marginal distribution significantly
incorrect proportions), regenerate the dataset.

: Ensure all generated values are strictly within the

i Check Value Ranges  specified min and max range for each column.

: If any out-of-bound values are found, regenerate
the dataset.

Fig.4 Validation prompt template

3 X

3.1 BUIREEEEN ik I AR B AR ML 10
A HLAT AR R HL TR T FR BT 4% B 45 TR
Ay AP B RAT 55 2K W BT Al
Fy M7= A A L2 AN Ak, B R ) 22 R P
. BT E BIE 1R .

3.2 BBHIAMK NTHEKRLEPHER
B 25 7 BE Y e S8, SRR AE 0. 01~0. 20 47



o524

5 B AE LT LLM R $R 0% Tl ) SR 2 A 7 1% - 281 -

F1 BFEENFHER

Table 1 Detailed information of the datasets

®2 BEMELER

Table 2 Experimental results of threshold tuning

LGS BEARRE R BUESIE R 19 B 0.01 0.05 0.10 0.15 0.20
Adult 48842 S 6 8 Az LR B 20 19 1 1 2
Iris 150 BES 4 1 JIT e 1 ] 0.73 1.07 0.07 0.25 0.10
Diabetes 768 S 8 1 TR 2E R
California House 20640 [ 8 0 CrygxRgoes) C07 002 002 02L 008
Abalone 4177 mYE| 7 1 . . .
Fish Measurements 85 5| 6 2 5 A 19 KDE i 2k, %€ TabProl LM Jr ik
S AL B AR £ 4 A 50 A I
Heart Disease 303 e 8 5 I [ D5 R
Real Estate Valution 414 OV 6 0 (2) M5 . ] SDMetrics T.H 1§ Corre-
Winequality Red 1599 [l 11 0 lationSimilarity i F5 > PFAk 4% 7 12 7 O/ 17 A2 104K

RELLL0.05 [ Bl e & T — R 51 b [|] B, LA
TR 3 B FITE 40 DFAG AN T 258 2058 X0 T A= Ok
R[] B AR R ER Hi o o ) B AR e L B 3R 0. 1
VE R B A R AT RS0, TR 45 2R 5% 2 R
3.3 Xtk AR S HO A AR P A AR Dy
L Bk, T 3% GAN, VAE, Diffusion Model I
LLM 3% 3 J5 1% , B K & 4 CTGAN, TVAE,
TabDDPM VA K Barr et al'™ ) £ F GPT -4o I
LLM 4 750 4 i 07 2, A58 24 17 4% B0 A= it ot
Sl v A Ti] S A 5 Y o R
3.4 RMEIEHFR B Neha Patki i) % 4% 509 4
W R PEAG T B A SDMetries'™ , H R4 5 B 40
F 3N . AR B JE (Fidelity) A 3¢ % (Correla-
tion) F1 B& FA M (Privacy ) = 4> 4k FE X A= B 45 SR
frefb o, BT .

(DPREFE . bR T SDMetrics H 24~ % H
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Table 3 Evaluation metrics
iR I AR R R i b5 1
RangeCoverage A DA A RO R 7 B S I Y /ML R R T
CategoryCoverage ey A6 e AR R i A A T LSRR i T AT 2R
Fidelity KSComplement el 1t Jil Kolmogorov-Smirnov 6 35 X 1 152 5 Az iR 149 3 A 22 57, (A B2 & R
A 81
TVComplement ey e P 472 22 B B VP A A OG5 L S B AR S 0 A A B 2 e (BB B
Correlation  CorrelationSimilarity — ZUET S8 AR AU 15 22 52 8000 Hh A% & (8] (4440 SC PR AR B2 5 07 1)
Privacy NewRowSynthesis A 21 I A B PR A S SR 5 A A AT T R R TR AL
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Table 4 Experimental results

&b CTGAN TVAE TabDDPM GPT-4o TabProl.LM

RangeCoverage( ) 0.93140.003  0.966£0.021  0.469+0.004  0.94740.002  0.953%0.003

o CategoryCoverage( 4 ) 0.94540.032  0.94040.202  0.95740.071  0.891£0.105  0.998%0. 012

Fidelity KSComplement( 4 ) 0.81740.022  0.9560.011  0.9510.050  0.78720.018  0.977%0.006

TVComplement( 4 ) 0.95840. 031 0.87420.021  0.95140.014  0.81540.014  0.963%0. 201

Correlation  CorrelationSimilarity( # ) 0.91140.001  0.886=0.012  0.986%£0.029  0.94740.011  0.982740.03
NewRowSynthesis( 4 ) 1+0 1+0 1+0 1+0 1+0

Privacy DCR( 1) 0.338+0.001  0.243+0.103  0.375+0.079  0.16740.051  0.421%0.208

NNDR( 4) 0.21140.005  0.4070.012  0.566%£0.022  0.18440.001  0.545%0.013

TabProL.LM A= i 1) 8 51 73 A1 ith 2 5 5 52 4 4
i B S AR A IR U T ) 2R RRAE L A
BRI A RN &5 A e 1B
(2)#H %4 . TabProLLM #J CorrelationSimi-
larity 3% £ 0. 982, 55 TabDDPM (0. 986) $3T , 11
T GPT-4o (0.947) %1 4. 1% . 4 B¥ 5 16 A 7] 4
R #) CorrelationSimilarity 41 3 5 fif 75 , % H
R Fom R . & AT WL, TabProL LM 7£ 4t

KBRS 1 A S #0001 At A= A

(3) B AP . BRI E) NewRowSynthesis AR &
JE K 1, TabProLLM B V- ¥ DCR (0. 421) 48 ¥ fix
e, NNDR R IR A, itF — 25 1 B A i 1 8K
P A SR AR RE . S AR E TR A Y
DCR FI NNDR G4 6 ir 7w , ¢ b JBAK 7 R oR M g
e fh
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Fig.5 KDE plot of real vs. generated data on the Diabetes dataset
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Table 5 CorrelationSimilarity values

CTGAN TVAE TabDDPM GPT-4o TabProLL.M
Adult 0.910 0.895 0.999 0.915 0.991
Iris 0.925 0.902 0.965 0.928 0.973
Diabetes 0.932 0.910 0.968 0.934 0.978
California House 0. 899 0.899 0. 998 0.918 0.970
Abalone 0.915 0.914 0.998 0.929 0. 999
Fish Measurements 0.918 0.908 0.976 0.922 0. 980
German Credit 0.920 0.893 0.981 0.931 0. 986
Heart Disease 0.935 0.920 0.992 0.917 0.969
Real Estate Valution 0.905 0.905 0.979 0.935 0. 981
Winequality Red 0.921 0.914 0.990 0.931 0.993

&6 DCR5NNDREJE(BUESE DRI
Table 6 DCR and NNDR values (at the 5" percentile)

DCR NNDR
CTGAN TVAE TabDDPM GPT-4o ' CTGAN TVAE TabDDPM GPT-do 00
LLM LLM
Adult 0.070 0.210 0.207 0.012 0.003 0.132 0.435 0.132 0.102 0.143
Iris 0.576 0. 085 0.110 0. 045 0.121 0.155 0.371 0.402 0.112 0. 440
Diabetes 0.420 0.034 0.031 0.025 0. 606 0.146 0.318 0.626 0.095 0. 651
California House 0.220 0. 160 0.202 0.068 0. 295 0.129 0.412 0. 547 0.110 0.705
Abalone 0.370 0.531 0.122 0.059 0.216 0.140 0.390 0.529 0.116 0. 664
Fish Measurements 0.136 0.079 0.234 0.112 0.141 0. 269 0.459 0.784 0.211 0.503
German Credit 0.501 0.138 0.715 0.079 0.697 0.352 0.327 0.612 0.352 0.331
Heart Disease 0. 288 0.268 0. 896 0.757 0. 965 0.507 0.552 0.535 0.147 0.603
Real Estate Valution 0.420 0. 382 0.435 0.302 0. 359 0.106 0.426 0. 605 0.116 0. 652
Winequality Red 0.379 0.543 0.798 0.211 0.807 0.173 0.378 0. 892 0. 480 0.756
.
4 it 5% 3

A HE R AR R 5IR G o AR LLM R A%
B A W7 ¥ TabProL LM RE 6 4 20 A 130 4 4%
A HE A 72 e R) 45 4 ¢ R — B IR R AR AL
P YA T 32 G T 5 A8 T A O AR Y
o A 2R B, VA R AR 2 M B AT i U AR 2R
SO D SR g T | DR S-a  1Va a 207-94 o 44
b R U W A 2D AR 55 (A 43 28 L) A R hE
FHF . A, TabProll LM A4 32 7 1) % 3475 4 4+
F LG THRE . KRB IR R LR H 3l g
) AR Tk M S A sk
IK-
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