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The curse of dimensionality is a longstanding challenge in Bayesian 
inference in high dimensions. In particular the Stein variational gradient 
descent method (SVGD) suffers from this curse. To overcome this 
challenge, we propose the projected SVGD (pSVGD) method, which 
exploits the intrinsic low dimensionality of the data informed subspace 
stemming from ill-posedness of inference problems. We adaptively 
construct the subspace using a gradient information matrix of the log-
likelihood, and apply pSVGD to the much lower-dimensional coefficients 
of the parameter projection. The method is demonstrated to be more 
accurate and efficient than SVGD, and scalable with respect to the 

number of parameters, samples, data points, and processor cores.
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where                is, e.g., Gaussian kernel, collapsing in        for big     .k( ⋅ , ⋅ ) ℝd d

Experiment I: PDE-constrained Inference Experiment II: Inference of COVID-19
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Gradient information matrix of the log-likelihood

Hψi = λiΓψi,

x1, …, xNwhere                   are adaptively updated at suitable iteration.

Dimension Reduction by Projection

Given prior covariance     , solve generalized eigenvalue problem:Γ
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We project the high-dimensional pamameter to the subspace Xr = span(ψ1, …, ψr)
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and define a projected posterior with profile function g(Prx)
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Optimal profile function in Kullback—Leibler divergence bounded by eigenvalues

p⊥
0 (ξ |Prx) = p0(Prx + ξ)/pr

0(Prx) with pr
0(Prx) = ∫X⊥

p0(Prx + ξ)dξ .

where the conditional/marginal density in complement subspace X⊥
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Bayes’ rule for projection coefficient               in data-informed dominant subspacesw ∈ ℝr
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where                is the approximate steepest direction

where                is the projected kernel in      ,

̂ϕ*ℓ(wℓ
m)

kr( ⋅ , ⋅ ) ℝr ∇wlog π(w) = ΨT
r ∇x log pr(Prx) .

−∇ ⋅ (ex ∇u) = 0, in (0,1)2 .

x ∈ 𝒩(0,𝒞), 𝒞 = (−0.1Δ + I )−2

PDE model with random field ODE model with stochastic process

αi(t) =
1
2 (tanh(gi(t)) + 1) .

gi(t) ∈ 𝒩(g*i , 𝒞g), 𝒞g = (−sgΔt + sII )−1
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