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Highlights Experiments
» We introduce the symmetric Pareto (symPareto) distribution, a heavy-tailed and » Data: z € R", latent: z € R™. Evidence lower bound (ELBO): » We evaluate ParetoVAE on low- and high-dimensional data under different decoder
robust alternative to Gaussian/Laplace. choices.
» We propose the ParetoVAE, derived from a joint minimization view of variational ELBO(z;0,¢) = L2y (2]7) logpg(x|2)] — Dki(ge(z|2) || pz(2)) » Baselines: VAE (Gaussian), t°VAE (Student’s t), LVAE (Laplace), and AE.
nference via the 7y-power divergence > Model distribution manifold P := {py(z,2) = py(z|2)pz(2) : 0 € O} Sparse Heavy-tailed Data Analysis with t-decoder

» Across sparse heavy-tailed data and image denoising, ParetoVAE consistently

. . . » Data distributi ifold Q = = : O
improves robustness and tail reconstruction. ata distribution manifold Q := {¢y(2,2) = pdata()qy(2|x) : ¢ € O}

Graph Degree Reconstruction on SNAP Epinions social network

> ELBO can be recast as KL divergence between 7, Q: » We measure SWD and conduct a two-sample MMD test on the joint in-/out-degree

Symmetric Pareto Distribution

argmingjqﬁDKL(ng(x,z) | po(z,2)) = —Epmp,. [ELBO(2:0,0)] — H (Pdata)- count distribution.

» |ts density is defined as » ParetoVAE achieves the best tail reconstruction while preserving overall fit.

» Key Point: Rather than deriving a new ELBO, we directly solve a joint divergence
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g po(w,2) oc |1+ y (Zl | 2 ) ' (2) | Model ~ SWD (Overall) | SWD (Tail) | p-value (Tail)
g |- - - ParetoVAE 0.04440.005 0.170=0.029 0.221 40.144
= 3| —— v =23 . .
) = » (2) yields the symPareto prior p(z) and t-decoder py(z | 2): LVAE 0.05520.0090.501 0082 0.119220.090
o o . .| #VAE 0.05540.005  0.38940.040 0.18140.110
S S e o (Lapace vzl ! T e VAE 0.06140.018  0.402+0.025 0.042+0.030 X
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r r=>5 r , (@) 2D hexbin of joint in-/out-degree counts. (c) Overall SWD, tail SWD, and tail MMD p-values.
(a) 2D scatter plots of SymPareto, Student's ¢, and Gaussian. (b) Log-scale CCDF of SymPareto with varying v. » Encoder: use a symPareto with degrees of freedom increased by n/2 to reflect the

contribution of the data dimension. Word Frequency Reconstruction on Wikitext-2

» ParetoVAE best preserves rare-word structure while maintaining head-word fidelity.

~v-power Divergence and lts Geometry

Go(2|2) = P2 | po(x),00(2), v +1/2).

> di 1 tractable alternative for optimization of heavy-tailed Model Heac Tai
y-power divergence [ ] serves a tractable alternative for optimization of heavy-taile > If Z ~ L£,(0,1,) and W ~ ['(1,1) are independent, then Then ode Overtan 1 Jocend 1 vl Overlan 1 Joceard 1 value
families with similar information geometric structure.
ParetoVAE 0.981 +0.001 0.964 +0.001 0.417+0.237 / 0.717 +0.035 0.560 & 0.043 0.178 +0.161
- o T — (V/W)Z Y Pn(o, ].n, V)7 dreto
5 C.(q,p) —H-(q) e 2 - D LVAE 0.77240.008  0.620+0.010 0.233+£0.148 v/ 0.230+£0.003 0.130+0.002 0.001 & 0.000 X
= where = — = —1Ii . . . . . 3
~(q|lp) » : ~(p) Il ,Cy(q,p) q ol yielding a simple Laplace-Gamma representation for sampling. BVAE 0.7394+0.002  0.586+0.002 0.665+0.116 v/ 0.22640.001 0.127+0.001 0.001 £ 0.000 X
i i S o | - VAE 0.7754+0.017  0.633+0.022 0.220+0.200 / 0.22440.009 0.126+0.006 0.001 +0.001 X
> From D, (q(z]2)pdata() || po(|2)p(2)), we derive y-loss wit AE 0.64240.007  0.4734+0.008 0.001£0.000 X 0.19740.004 0.109+0.003 0.001 £ 0.000 X

» This divergence parallels the e-geodesic for the KL divergence by introducing the 460 = Pm(0,04(x),v+n), par = Pm(0,k1,,,v+n):

~-power geodesic, which induces v-flat submanifolds as Table. Word frequency reconstruction on Wikitext-2. v/ does not reject the test, X reject.
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reconstruction regularizer

S, — {pg(l,) ~ (1—|—W9TS(£U))% 0 c @}7 (1) Ly(0,0) = Ernpy,, ZUZEZN%( oy 1 #9(Z)||g+?@v(q¢70Hpalttr Oﬁ”“qﬁ(aj)HL ‘ Image Denoising Application with SymPareto Decoder

» ParetoVAE remains robust on high-dimensional corrupted images.

where s(x) is the sufficient statistic of the given distribution.

» When 1 =0, s(x) = |z| is valid and thus the symPareto is y-flat with v = —VJ%n. Decoder Selection: Sym Pareto /-Decoder : « "53, _ )| X
» When 1 # 0, location shifts can be removed by translation to a zero-centered e Wy SR ,.F:*" R~
coordinate system, and this transformation preserves the ~-flat structure. » Modifying the joint decoder distribution to symPareto replaces the ¢4 reconstruction SVl s L e I e T
error term || — ji9(2)||5 in (2) with an ¢1-norm-based variant: | >
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» This leads to the ~y-loss function in which the MSE is replaced by the mean absolute A2 NT| €

S, (p=0) O error (MAE) when v = HﬂlHH, thereby improving robustness to extreme values: T 5 [ |3

Figure: lllustration of two symPareto manifolds with different ;1 and their translation to the ~y-flat manifold S,,. ] ) (d) ParetoVAE (e) The others

1 (a) CelebA.
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’Y( ,gb) L™~Pdata o zqp( " |@) Haj ug(z) ||1 T o 7(q¢’0 Hpalt) +2a Hugb(m)Hl_ Figure. Denoising results on CelebA and Omniglot. (a) shows CelebA; (b)—(e) show Omniglot.
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