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Generalized Fiducial Distribution (GFD) [1]

How do you define a fiducial distribution on a manifold M?
Express your data y in terms of a known random quantity u and unknown parameter vector θ through a Data Generating Algorithm: y = A(u,θ).

Sample from                 , calculating the projection
at each point on the manifold.

This only uses the information from g, and does 
not require a parameterization of the manifold!

For this simple example, we can compare to a 
direct solution (below).

Constrained GFD

Sample from the usual GFD on the parameterized 
space.  By the chain rule,

GFD with Parameterization

Simulates a Hamiltonian’s movement through the 
system, using the RATTLE [2] algorithm to satisfy 
the constraints

Constrained Hamiltonian MCMC

New samples are drawn using a lower-
dimensional Gaussian on the tangent plane, then 
projected downwards onto the manifold.

The lower-dimensional Gaussian density is used 
for the sampling distribution in a Metropolis ratio 
[4].

Tangent vectors are calculated from a SVD of 

Constrained Metropolis-Hastings

TwoApproaches TwoMCMC 
Algorithms

TwoTheorems Two Further Examples

The Constrained GFD and the GFD with 
Parameterization lead to the same 
distribution locally, and is invariant to the 
choice of g. 

We can piece this local result to the whole 
space using a partition of unity.

Equivalent Distributions
In terms of the local parameter
the Constrained GFD will approach a 
Gaussian density on the manifold, 
whenever it does so in the ambient space.

Local asymptotic normality is “inherited” 
when a GFD is constrained to a manifold!

Local Asymptotic Normality
Consider the linear logsplines model

Density Estimation
The MVN representation of an AR(1) model has cov matrix:

AR(1) Model

Assume there exists a differentiable 
function g such that  θ ∈ M ↔ g(θ) = 0. 
When our parameter space is M, the 

gradient must be updated!

where

the data likelihood

change of variables 
Jacobian

det based on 
the l2 norm pseudodeterminant analogue 

to D(M)

Constrained Generalized Fiducial Distribution

,

Our approach against the direct solution with a parameterization. How we sample our Constrained GFD on a constrained space

where

for
This is not new theory.

and

For the Hamiltonian [3],

, user-defined mass matrix,

Linear logsplines and the AR(1) ModelThe two approaches above are equivalent

Subject to the constraint that it is a probability density:

where         are linear B-splines.  We sample from θ: which is a general cov matrix subject to the constraints

where
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