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Empirical measure
Domain X +
@ x (2D, numerical)

- 4 ﬂ! *Interpretable forest based generative models; also enable efficient missing data imputation, density estimation
w l *Training boosting compliant; reduction trick to binary supervised training decision trees, natively any kind of tabular data, handles missing values
‘Implementation: can easily leverage code for top-down DT induction (e.g. CART, C4.5). Compute: cheap, runs on low-end CPU (purposefully)
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@ X u Models, generation, etc. Training
|
tng
» Generative Forest GG = set of Ttrees{ Y }T - 2-classes supervised training of Decision Tree h: * Training a generative forest = same proc %925""“ For any strictly proper differentiable loss ¢
A = tft=1 P g : gagd Proc. y y prop ,
N fD . N G&x + empirical measure R @ distinguish between "positives" P vs "negatives" () with the following adjustments: let T = #trees in GF, all initialized to a root (G, = U).
W X - Generation (1 observation): » Mixture with prior 7 = p|Y = 1]for positives - support of leaves — support intersection | SUuPPOse weak learning assumption (v, K_)- Then atter J
ﬁ ' _ f tuples of | 1 per tr splits, current GF G ; has likelihood ratio risk:
- initialize "tags" = star nodes, X W/ 4 ..., to M=m-P+(1-—m) Q - Ot tuples otleaves (1 per tree) o>
B ! Y * Minimize through top-down splitting Bayes risk - positives — observed data KY K J
each roo g p Tpp FA] o - E\)e atives — uniform distribﬁan Ve (R7 GJ) s Ve (R7 GO) y8 Hlos (1 " T
- initialize the sampling subdomain €, = X L(h) = ZpM A L ( > .g f ——————
X | & . . . /\ pM A - prior 7T user-chosen (e.g. 1/2) 1A 1dR o
- until all star nodes are leaves in their leaf A(support) Dy (A,B) = 7-Eq, [Dcp (dU | — )] p(2) = (z+ W”) - (=L) (Hzl—_w)
respective tree, repeat: L(u) =u- 6?1 (w) + (1 —u) - é—l (w) partial losses for class 1, -1 (log-loss: ¢ (u) = —log(u) = ¢_1(1 — u)) ‘density ratio" loss using Bregman divergence with generator (3
CR, 2BRA@B)B) 1. Pick ;1 tree whose star
X X X node A # leaf ' . , _ _
W \ 2 i 2. Compute transition Experiments Missing data imputation Density learned: example
pmbab”iti_es to a C_h_”d Remdata ngn * Missing completely at random (MCAR): randomly remove 5% of
- node VUS_'”Q empirical Motrice. data, train from data with missing values, predict missing e
+Empirical measure R " measure in C, -egI:SLJIarized OT distance (Sin éﬁgt;lr:l) NeurlPS'13) - Metric: average per-feature error (categorical), rmse (numeric) T=J=10 20 30 40 50 ground
Y| * (V) = R(C. nsupp(v)) J - Contender: MICE with CART or big random forests (round robin (stumps) . truth
p R(QS) ’ COVerageOCZilla fake € B(real;, m)(N acem et al., ICML'20) prediction of missing values w/ classification / regression methods) vs T=1 generati\{e tree, J=50 splits — { ” \
b 3 For selected 1’ do: ’ DenSityoc221fakej e B(real;, ;) | (van Buuren & Groothuis-Oudshoorn, J. of Stat. Soft.'11) e e
B e A« v * F1 measujrez(using NN classifier) - Example result on OpenML analcatdata_supreme (more in paper): Data generation: examples = #trees

J = total #splits

- . . . t perr rmse R e e
: R(!) ° GS — GS M SUPp(V) Contenders | (Watson et al., AISTATS'23) oss -~ T=J=100 T=100, J=200
W X * Adversarial Random Forests (stochastic trees) o 5120 J{% | SEEY FRE AR Kaggle sigma cabs
) . g margina x=Lj X
l - when all star nodes are leaves, sample - CT-GAN (GAN + NN) (Xu etal., NeurlPS'19) vag | MO I | J—Customerfiating
: : : : S aammmm
] unlfOrmly an observation in the Sampllng  Forest Flow (diffusion trees) (Jolicoeur-Martineau et al., AISTATS'24) 0.4 L generative tree E 90 /g et OpenML ke, x=d, y=/
. . . 035 | 5 80 : er:fera vetree I 1 S :
) i S mice.rf (4000 trees) | SRR R
SUppOI’t Obtamed GS @ Vine Copulas Auto-Encoders ((TSJ:S%CLigle:Z?TjNe lir;ll;sl\!:\g 03 | _ g ;3 1_—_' T=J=100 T=J=200 T=200, J=1000 T=200, J=1500 Ground truth
@ x Q ® AmOng treeS, Stal’ nOde UpdateS Can be ° Parameters: 0.25 JPn ice.rf (4000 trees) e 1 t ] .5 28 [
a . . I generative Torests | ® | generative forests
sequential, concurrent, randomized, etc. + ARFs: up to 200 trees (each tree has to be a good L TT—— g
generative model — big trees) 2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20
- CT-GAN: up to 1000 epochs training Hrees (D Hrees (D
X /(D X X G:& * FF: need special encoding for categorical variables (!= ours _ _ _ 0 e S -
¥ - +Density estimation: same procedure but (i) & ARF) — test on 100 % numerical domains; default Density estimation 2';1 7— L oo — ot e
lﬁ o _ DL params: 50 trees, depth =7 — up to J = 6 750 splits/model M ; g " f, L e | COde & more:
probabilistic branching — deterministic and _ . . . . 5-fold stratified 8 25| oty | somevessmotsumps | ] [ o | :
i 3 - * VCAE: tested all options (Gaussian, center, direct, regular) Old Stralitied Cross g [stms S 100100 I ol oo
— I I - ® 35 ! | ®
(i) stop before R(C,) = 0. Dens.«R(C,)/Vol(€,) . us: T=200 trees, J=500 fotal splits (small models) or validation; model il | e L | ®
- . . : : . learned is used to 45 ' . 10103 _ oosl
¢ +MISSIng data ImPUtatlon: Same aS denSIty T=5OO, J=2 OOO (medlum Slzed mOdels) Compute denSIty On test ’ %500 #S;I(i)tZOGF 1500%2000 i o #S:)I(;:OGF . 0 i 0 4::2IitssGoFoo P00 T ° ¢ t. .’
@ ot estimation but get all potential €, to which » us + ARF + FF run on low-end CPU; CT-GAN + VCAE ran fold (higher = better) P P i 0 '
. . - o on higher end desktop o °
_ partial observation can belong (deterministic . _ . * Metric: likelihood or log- - UCI abalone, T=500 trees (left); T=15 (right) *
fimo Ui Processing USes all trees _ _ _ - Results summary (all tables in paper): we consistently beat likelihood
_ Eorests & like) branchmg — multlple branchlng), sample all NN-based approaches (CT-GAN, VCAE); ARF: our med-sized . Comtender: kermnel * Some couples (T,J) clearly better than others
(# Adversarial Random Fore unknowns in G, with highest R(€.)/Vol(C.) models substantially better on all metrics; small-sized better ) o (not just for density estimation) — need to
S g s s . —_ . ¢ density estimation explore early stopping or pruning algorithms
— small models can be very accurate on Sinkhorn, coverage & density; FF: our med-sized perform

(default kernel+params) (future work)

L ——— g——— better; small-sized on par for all metrics except density



