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UnmaskingTrees: autoregressive modeling for UnmaskingTrees is SotA on tabular data
generative modeling and imputation with missingness!

Use XGBoost to predict per-feature conditional distributions. Generation Imputation
Train only O(D) models given D features, since XGBoost handles NaN:s. Diftusion Ours Traditional Diffusion ~ Ours
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* Imputation: start with observed features, then generate the rest — —— — L

Benefits vs diffusion modeling for tabular data (ForestVP & ForestFlow [1]):
Jolicoeur-Martineau et al. benchmark of 27 tabular datasets

* Autoregression has no train-test mismatch for imputation:
Table 1: Tabular data imputation (27 datasets, 3 experiments per dataset, 10 imputations per experi-

o Models have been dir CCtly trained to impute missing data ment) with 20% missing. Shown are averaged rank over all datasets and experiments (standard-error).
i . . . L Overall best is highlighted; better of Forest-VP versus ours is boldface blue.
o No need for RePaint-based diffusion 1npa1nt1ng MinMAE | AveMAE| Wiraind Wiest L | MADL | R2L  Fy | Biias L. iCovusad

. . . . KNN | 55(0.5)  63(0.4) 49(04) 5004) | 840 |65(1) 5701 |62(1) 5406
e Pr OVIdCS denSIty estimation ICE | 68(0.4)  4.7(0.4) 70005  72(04) | 1.6(02) | 62(1) 7.0(0.6) | 57(09) 5.3(0.6)
MICE-Forest | 3.9 (0.4) 2.5 (0.4) 29(02) 3002 |3602) |3704 32(0) |5502) 43(0.6)

. . . . MissForest | 27(0.5) 4.0 (0.4) 18(03) 20(03) | 55(002) | 38(14) 25(05) | 55(1.5) 3.3(0.5)

e No need for different models per each diffusion tlme—step Softimpute | 6.7 (0.4) 7.6 (0.4) 7.1(05)  73(05) | 84(0) | 6.0(0.9) 7.8(0.4) | 63(0.9) 6.7(0.4)
OT | 59(04)  6.1(0.3) 6.0(0.5  60(05) | 37(03) | 62(0.5) 68(0.6) | 55(0.8) 4.8(0.5)

GAIN | 47(04)  6.5(0.3) 60(03) 6002 |69(01) | 5708 54(08) | 47(1)  5.0(0.6)

Forest-VP | 53(0.4)  4.0(0.5) 58(03) 51(04) | 32(04) | 45(09) 4.6(08) | 33(0.6) 5.5(0.7)

UTrees | 3.5(0.5)  3.2(0.5) 35(04) 3.5(05) | 38(02) | 25(0.6) 22(06) | 23(09) 4.7(0.6)

Table 3: Tabular data generation with incomplete data (27 datasets, 3 experiments per dataset, 20%

BaltOBOt: InO deling a Continuo uS fe ature,S missing values), MissForest is used to impute missing data except in Forest-VP, Forest-Flow, and

UnmaskingTrees; averaged rank over all datasets and experiments (standard-error). Overall best is
highlighted; better of Forest-VP versus Forest-Flow versus ours is boldface blue.

conditional distribution with recursive partitioning Woractl Wterse ol Stecat [ Bt Hgsrwile Pl Prel G

___________________________________________________________________________ - GaussianCopula | 7.0 (0.3) 7.1(0.2) | 7.2(0.3) 7.1 (0.3) 6.3(04) 6.6(0.3) 6.7 (0.4) (1.0) 7.7(0.6)
(

5.5
P ) TVAE | 5.2(0.3) 49(0.3) | 5.7(0.3) 5.8(0.2) 6.0(1.0) 5.8(0.5) 5.8(0.4) 3(8) 04) 6.2(10)
What’s the problem: ‘

CTGAN | 83(02)  84(02) |84(02) 83(02) |[83(03) 84(02  65(0.2) (1.2) 7.1(0.7)
CTABGAN | 6.7(04)  6.5(0.4) | 7.1(0.3) 68(03) |[73(06) 7.1(04)  66(03) |7.5(1.0) 6.1(0.6)
Stasy | 5.9(02)  6.1(03) |53(0.2) 51(03) [58(09) 4404 53(04) |37(04) 46(11)
TabDDPM | 3.0(0.7)  3.4(0.7) | 2.3(0.5) 29(06) |17(03) 3306  39(0.6) |38(12) 20(0.5)
Forest-VP | 3.7(02)  32(0.3) |3.9(02) 38(03) [32(03) 23(03) 42(04) |42(08 45(L1)
Forest-Flow | 3.0(0.3)  2.6(0.3) | 2.6(0.3) 27(02) [3007) 3703 5005 |38(09) 3.2(08)
UTrees | 21(02)  2.8(0.3) | 25(0.2) 2502 |[33(08) 35(05  1.0(0.0) |37(09) 3.7(1.0)

Background:

e Diffusion: predict only the conditional mean

Table 4: Tabular data generation with complete data (27 datasets, 3 experiments per dataset); averaged
rank over all datasets and experiments (standard-error). Overall best is highlighted; better of Forest-

VP versus Forest-Flow versus ours is boldface blue.
Wtra-in ~L Wtczst ~L COVtrain ~L COVtegst ~L R?ake Jr Flfak:: ~L -Fldz'sc ~L I’bias Jr Covrat.e ~L

GaussianCopula | 7.1 (0.3) 7.2(0.3) | 7.3(0.3) 7.4 (0.3) 6.2 (0.2) 6.4 (0.3) 7.0(0.4) 6.5(1.1) 7.5(0.7)
TVAE | 5.3(0.2) 5.1(0.2) | 5.7(0.2) 5.7(0.2) 6.5(0.7) 6.0(0.5) 5.5(0.3) 7.3(0.6) 6.7(0.6)

CTGAN | 8.4 (0.1) 8.4(0.2) | 8.3(0.2) 8.1(0.2) 8.5(0.2) 8.3 (0.2) 6.7 (0.3) 53(1.1) 7.2(0.5)
CTAB-GAN+ | 6.8 (0.3) 6.7 (0.3) | 7.2 (0.3) 7.1(0.3) 6.8 (0.4) 6.9 (0.4) 6.9 (0.3) 7.7(0.8) 6.7(0.8)
STaSy | 6.1(0.2) 6.3 (0.2) | 5.3(0.2) 54(0.2) 6.0 (1.2) 5.1(0.3) 6.1 (0.3) 45(0.8) 4.2(L.1)

TabDDPM | 3.0 (0.7) 39(0.6) | 2.8(0.5) 3.4 (0.5) 1.2(0.2) 3.8(0.6) 32(04) 3.0(09) 1.4(0.2)
Forest-VP | 3.2 (0.2) 2.8(0.2) | 3.6(0.3) 3.3(0.3) 28(0.3) 22(03) 43 (0.4) 32(09) 3.5(0.8)
Forest-Flow | 1.9 (0.2) 1.5(0.2) | 1.7 (0.2) 1.8 (0.2) 23(04) 24(03) 43(04) 28(05) 2704
UTrees | 3.1 (0.1) 3.1(0.2) | 3.1(0.2) 2.8(0.2) 4.70.3) 3.9(0.3) 1.0 (0.0) 4.70.7) 52(0.9)

utoregression: predic en sample frrom) the conditional distribution. We
* Autoreg predict (th ple f th ditional distribution. W

must (1) avoid mode collapse, and (2) sample from bimodal (and

multimodal) conditional distributions!
Previous tabular autoregression work (TabM'T [2]) used naive quantization:

e Wide bins: loss of high—resolution information

* Narrow bins: statistically inefficient, catastrophic errors

Probabilistic prediction is an important problem in its own right:

BaltoBot excels at probabilistic prediction!

* Quantile regression - same problems as naive quantization . ban diffis Do Seesibuced d
* NGBoost - parametric (fails on multimodal distributions). ctter than dittusion on roisson-distributed data:
° Deep ensembles [3] _ SIOW and eXpensive " Original data Treeffus?r Baltobot BaltoboTabPFN
* Diftusion (Treeffuser [4]) - slow and expensive I B - b R R B
BaltoBot: BALanced Tree Of BOosted Trees 7| == ]
Hierarchical binary partitioning: ; . b T T G ;

- preserves proximity information among bins , . , , S
P P y 5 Same quality, but faster sampling and with density estimation:

- scales training and inference costs O(height of meta-tree) = O(log ( # bins ) )

““““ TR (B) Runtime comparison
- works well on mixed-type and count-type data o | . e
. Obéd > '; 3 SN Training
Algorithm 2 BaltoBot training - Treeffuser samples ' ! N § Baltobot = Sampling
Require: dataset (X € RVXP y € RY); BaltoBot meta-tree height H; t ' ' I
1: if H =0 or unique(y) = C for some constant C' then
2:  Save bounds := (min(y), max(y)). sl o 5 10 15 20
3: else wal Time (s)
4:  Obtain split point p from KDI quantization on y. ooer fi:;t;es Rk e (&) | __Cendionalicansityesimation
5:  Train XGBoost binary classifier on (X, 1‘{y <p}). | 24— : , e , A " — ==
6 Train “left_child” BaltOBOt on {(X(’I:), y('l)) (= (X, y) |y(7/) S p}, Wlth helght H —_ 1 . — ) - .:.JF. :’ | -~ BaltoboTabPFN
7:  Train “right-child” BaltoBot on {(X®),y®) € (X, y)|y® > p}, with height H — 1. v, ol s
8: end if 04 -
Obs;,rved data 0 e
i BaltoboTabPFN samples o : =il
Algorithm 3 BaltoBot inference : ; : > A 4 . o0 2
Require: input query x € R”; trained BaltoBot model. . .
I: if bounds is defined then M5 Kaggle dataset for heavy-tailed sales forecasting:
2:  Sample uniformly from U (bounds).
3:  Return. Method CRPS x10~1(]) RMSE x10°(]) MAE x10°(})
4: else
5:  Obtain prediction from XGBoost binary classifier. Deep Ensembles 7.05 2.03 0.97
6: if prediction = 1eft-child then IBUG . 8.90 2.12 1.00
7 Run inference on “left-child” BaltoBot with input query x. NGBoost Poisson 6.86 2.33 0.99
8 else if prediction = right-child then Quantile Regression Forests dolel 2.88 1.01
9: Run inference on “right-child” BaltoBot with input query x. Treeffuser 6.44 2.09 0.99
10: end if BaltoBot 6.44 2.07 0.98
11: end if Treeffuser (no tuning) 6.62 2.09 0.99
BaltoBot (no tuning) 6.69 2.19 0.98
BaltoBoTabPFN (no tuning) 6.66 2.06 0.97
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