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Why mean-field / SVGD-only VI is not enough

ICML 2026Sun Yat-sen University

Real data: time series, graphs, constraints  correlated instances


Mean‑field VI:   misses cross-instance posterior dependence


Prior instance‑level VI: tree / local high-order structures are useful, but can be restrictive or costly


Latent-space SVGD with factorized projection creates a “refine-and-forget” loop 


Goal: scalable, non-Gaussian, higher-order instance-level posterior 

⇒

q(Z) = ∏i
q(zi |xi) ⇒



Key Idea: copula posterior + Stein refinement
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Separate marginal modeling from dependence modeling


 
qΦ(Z |X) = c(U; ψ) ⋅ ∏
i

qϕ(zi |xi), where ud
i = Fϕ(zd

i |xi)

Core benefit: refined cross-
instance dependence is 
preserved instead of erased.

Scalable Optimization:
Edge-Minibatch Sampling
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Vine-copula decomposition: high-order dependence
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A full -variate copula is expressive but impractical for large 


Regular Vine: decompose high-dimensional dependence into bivariate pair-copulas


Layered edges capture first-order and higher-order conditional dependencies
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(PCC) Vine turns dense dependence into 
an edge-additive objective.



Scalable vine learning via level-wise sampling
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Full vine has  edges ⇒ full updates are expensive


Edge-minibatching with Horvitz–Thompson weights gives an unbiased gradient


 

𝒪(N2)
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Uniform sampling is unbiased but 

high variance


Level-wise allocation samples more 

edges from high-gradient-energy 

vine levels



Efficient sampling: sparse-vine initializer + Stein correction
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Sampling from the full vine is also expensive


Reuse the sampled edge set  to build a 

sparse vine initializer 


SVGD then corrects sparse-initialized 

particles using the exact posterior score

S

qΦ,S(Z |X)
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Theory: sparse-init bias is transient; finite gap is 
governed by omitted-edge energies.



Results: time-series anomaly detection
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Datasets: SMAP, MSL, SMD; metric: F1 and ELBO


Higher vine order ⇒ better F1 and ELBO; Copula-SVI > HoT-VI at comparable orders

Interpretation: cross-window dependence helps detect deviations from temporally coherent context.



Results: time-series forecasting
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Average over horizons H ∈ {24, 48, 168, 336, 720}; lower MSE / MAE is better 

Key message: higher-
order instance 
dependence improves 
long-horizon predictive 
representations.



Results: constrained clustering and ablations
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Constrained clustering: constraints induce posterior dependence across instances


Copula-SVI propagates constraint information through learned dependence, not only direct edges 

SVGD alone helps only modestly; the explicit copula 
posterior is needed to preserve refined dependence.



Takeaways and outlook
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Summary:


Copula posterior separates local marginals from instance-level dependence


Regular vine gives expressive high-order dependence through pair-copulas


Edge-minibatching + level-wise sampling make full-vine learning practical


Sparse-vine initialization + SVGD refinement reduce cost while preserving dependence


Limitations / Future:


Automatic pair-copula family selection and adaptive vine order


Combine instance-level copulas with dimension-level structured posteriors


More efficient GPU implementation for very large correlated batches


