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Dartmouth College

演示者
演示文稿备注
Thanks for the introduction and thanks everyone for coming. 



Intro
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Surfaces Volumes

http://mev.fopf.mipt.ruhttps://www.pbr-book.org/4ed/Reflection_Models/Rough_Dielectric_BSDF

演示者
演示文稿备注
Light interacts with different media in different ways, and that gives us different appearances.

(click) Surfaces have microstructures that look like this — continuous and smooth.

(click) Volumes, on the other hand, look more like particles floating in the air.
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Statistical appearance models

演示者
演示文稿备注
In graphics, we usually describe these with statistical appearance models.

For surfaces, that's the microfacet model.
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Statistical appearance models

A radiative transfer framework for non-exponential media. Bitterli et al. 2018.

演示者
演示文稿备注
And for volumes, it's classical transport theory.
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Geometry Representations

Triangle Mesh Voxel Density Grid

演示者
演示文稿备注
Pairing those with the right geometry representation, we can render both surfaces and volumes pretty well.
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Surface or volume? 

https://ar.inspiredpencil.com/pictures-2023/ocean-water-splash 

演示者
演示文稿备注
But some things in the real world — like this ocean splash — don't fall neatly into either camp.
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Surface or volume? 

Path tracing in Production: The Path of Water

演示者
演示文稿备注
They're not quite a surface, and not quite a volume. It depends on the distance to the geometric features. 
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Level of Detail

The SGGX Microflake Distribution. Heitz et al. 2015.

演示者
演示文稿备注
They're also tricky to represent compactly across levels of detail.



Can we render
everything with

one representation
& equation?

演示者
演示文稿备注
Can we render everything with one representation and equation? 



Conditional Product Next Event Estimation for Gaussian Process Implicit Surface 11

A Unified Light Transport Theory

[Seyb et al. 2024] [Xu et al. 2025]

演示者
演示文稿备注
Two recent papers from our group, on Gaussian Process Implicit Surfaces, give us exactly that 

— one unified representation for surfaces, volumes, and everything in between.



Problem Statement

演示者
演示文稿备注
However, during practice, we found one problem. 
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Problem Statement

SurfaceVolume

演示者
演示文稿备注
Though this framework can represent volumes, surfaces, and things in between, 

It doesn’t perform equally well across the spectrum. 

Especially for heightfield-field-like surface configurations, the previous methods have high variance. 
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Problem Statement

NEE, Anisotropic GPIS [Xu et al. 2025] CPNEE, Anisotropic GPIS [Ours]

演示者
演示文稿备注
And by the end of this talk, we will present a method that gives you an image like this on the right in the same time. 

To understand where this variance comes from, we first need to step back and understand how these Gaussian process implicit surfaces are formed and rendered. 



Background

演示者
演示文稿备注
So, what is a Gaussian Process? 
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Gaussian Process

Mean Function Noise Function Gaussian Process

演示者
演示文稿备注
You can think of a Gaussian Process as a deterministic mean function,

(click) plus some zero-mean random noise drawn from a Gaussian. 

Here we are showing a 2D noise visualized with contour line. Red is positive, blue is negative.
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Gaussian Process Implicit Surfaces (GPIS)

演示者
演示文稿备注
A Gaussian Process Implicit Surface is simply the zero level set of that Gaussian Process.
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(Realizations of) Gaussian Process Implicit Surfaces

[Seyb et al. 2024]

Add noise
Mean Function Realizations of GPIS

演示者
演示文稿备注
Here are a few 3D realizations, made by adding noise to the SDF of a sphere.
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演示者
演示文稿备注
This animation gives you a sense of how broad the GPIS appearance space really is.

Change the mean function, and we get a volume-like geometry full of floating bubbles.

Or a porous material like this.

Stretch the noise, and the GPIS turns into a heightfield.

And changing the seed just gives us a different realization.
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Vertically Stretch the Noise

演示者
演示文稿备注
Let's zoom in on the linear mean function, since this project is about surface-like geometry.

In the top row, the noise isn't stretched at all — that gives a porous look.

As we stretch it vertically toward infinity, down to the bottom row, the realizations become heightfields.




Previous Methods

演示者
演示文稿备注
Let’s move on to how previous methods render GPIS. 
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Light Transport with One Realization – Ray Marching

演示者
演示文稿备注
Rendering a GPIS comes down to finding the zero crossing of the ray with the GPIS. 

(click) We ray-march until we hit that zero crossing,

(click) then reflect the ray about the surface normal.
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Light Transport with One Realization – Ray Marching

演示者
演示文稿备注
Here's a single realization rendering — every ray uses the globally same noise seed.
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Light Transport with Another Realization

演示者
演示文稿备注
By changing the seed, we render another realization. 
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Light Transport with Another Realization
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Ensemble-Averaged Light Transport

𝜇𝜇 𝑥𝑥 = 0

演示者
演示文稿备注
We would also like to render the ensemble averaged light transport, 

where every ray marches through a different  realization.
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Ensemble-Averaged Light Transport

演示者
演示文稿备注
And here's that ensemble average — a blurry dragon.
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Gradient of GPIS

演示者
演示文稿备注
The gradient of a GPIS is the mean gradient (click),

(click) plus the noise gradient.
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Distribution of Gradient

演示者
演示文稿备注
Since the noise gradient is random with 3 degrees of freedom, 

the gradient itself follows a distribution with three degrees of freedom.
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Ensemble-Averaged Light Transport

演示者
演示文稿备注
If we plot the function values along the ray as a 1D scalar function with domain being the location on the ray

And range being the function’s value,

we will notice we not only get the hit point ps. 
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Ensemble-Averaged Light Transport

演示者
演示文稿备注
But also the directional derivative along the ray at the hitpoint, which is the slope of this 1D function. 
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Ensemble-Averaged Light Transport – Directional Derivative

Leaves 2 free components we can sample from.

演示者
演示文稿备注
Conditioning on that derivative pins down one of the three degrees of freedom,

leaving two left to sample: one on the screen, one pointing out of it.



Conditional Product Next Event Estimation for Gaussian Process Implicit Surface 33

Ensemble-Averaged Light Transport

Gradient along the ray by raymarching

Conditional Visible 
Gradient Distribution 
Function (cvGDF)

Ray marching filters visible gradients

[Seyb et al. 2024]

演示者
演示文稿备注
So here's the picture. (click) We ray-march, find the intersection, and obtain the directional derivative along the ray.

(click) Condition on that one observation, and the remaining two gradient components span a 2D gradient plane.

(click) We call this the conditional visible gradient distribution function — the cvGDF. On the right, we've projected it onto the upper hemisphere.

(click) "Visible," because ray marching naturally filters for the gradients you can actually see from the ray direction.
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Ensemble-Averaged Light Transport

演示者
演示文稿备注
If we assume perfectly specular materials for each single realization 

— a standard assumption in microfacet models, where each facet is a perfect mirror. 
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Conditional Scattering 
Distribution Function

Ensemble-Averaged Light Transport
Conditional Visible 
Gradient Distribution 
Function (cvGDF)

演示者
演示文稿备注
(click) the cvGDF gives us a conditional scattering distribution, shown here at the bottom right.
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Ensemble-Averaged Light Transport – Unidirectional Sampling

Conditional Scattering 
Distribution Function

Conditional Visible 
Gradient Distribution 
Function (cvGDF)

演示者
演示文稿备注
From this distribution, there are two sampling strategies we can reach for.

(click) The first is unidirectional sampling — draw samples by the scattering direction's density.

(click) The trouble is, a lot of those samples miss the light entirely, so the variance is high.
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Ensemble-Averaged Light Transport – Light Sampling 
(next event estimation)

Conditional Scattering 
Distribution Function

Conditional Visible 
Gradient Distribution 
Function (cvGDF)

演示者
演示文稿备注
To stop missing the light, we can do emitter next-event estimation instead 

(click) sampling directly on the emitter.
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UNI vs NEE

Unidirectional Sampling

NEE [Xu et al. 2025]

演示者
演示文稿备注
And NEE cuts the noise dramatically for general 3D GPIS.



Problem Analysis & 
Motivation
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Problem Statement

Volume-like

演示者
演示文稿备注
This NEE works really well for volume-like geometry.
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Problem Statement

In-between

演示者
演示文稿备注
And for the in-between cases too.



Conditional Product Next Event Estimation for Gaussian Process Implicit Surface 42

Problem Statement

Surface-like

演示者
演示文稿备注
But for heightfields, the benefit basically disappears.

So this project is about figuring out why the old method breaks down here — and building a new one that handles surface-like GPIS.
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Heightfields

www.FlorenceDesignAcademy.com https://blenderartists.org/t/blender-ice-cube-3d-model-tutorial/1529904 https://www.pbr-book.org/4ed

演示者
演示文稿备注
The heightfield is a classic assumption behind the microfacet model, and it covers a huge range of materials — metal, ice, plastic. 
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Gradient distribution of Heightfield GPISes

+=

+=
Gradient can point 
-up/down
-left/right

Gradient can only point
-left/right

Lose 1 DoF in gradient when stretching the noise

演示者
演示文稿备注
For a general GPIS,
(click) the gradient has three degrees of freedom, since the noise can point anywhere in 3D.

But for a heightfield GPIS,
(click) the gradient can only swing left–right and in–out of the screen.
(click) So we lose a degree of freedom.
(click) Here's the gradient distribution for both. The stochastic part of the heightfield collapses from a 3D Gaussian blob into a flat 2D Gaussian plane.
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Gradient distribution of Heightfield GPISes

Vertically Stretch the Noise

演示者
演示文稿备注
Here's an animation of that distribution as we stretch the noise — black arrow is the mean gradient, green blob is the 3D distribution of the stochastic part.

(click) With noise being stretched, the 3D Gaussian blob is flattened to a 2D Gaussian plane. 
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NEE for heightfield GPIS

Conditional Scattering 
Distribution Function

Conditional Visible 
Gradient Distribution 
Function (cvGDF)

Conditional Visible 
Gradient Distribution 
Function (cvGDF)

Conditional Scattering 
Distribution Function

演示者
演示文稿备注
Recall that, for a general GPIS, ray marching leaves two degrees of freedom, and NEE works because the spread of scattering directions is wide.

But (click) as we stretch the noise, the cvGDF compresses.

(click) In the heightfield limit, we're down to a single degree of freedom, and the conditional scattering distribution collapses into a 1D curve.

That curve has no width —
(click) so the old NEE can never generate a sample on it. It fails completely.
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Motivation

Generate Samples that both
on the light and 
on the 1D slice

演示者
演示文稿备注
So our goal is to

(click) sample directly on the light and on this 1D manifold of possible scattering directions.

It turns out this is a pure geometry problem. The next few slides show what this curve actually looks like, and how to sample it.



Our Method
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Normal Circle
Fixed by ray marching.

演示者
演示文稿备注
When we do ray marching and find the intersection, we obtain the mean gradient. 
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Normal Circle
Fixed by ray marching.

演示者
演示文稿备注
Along with one gradient component along the ray direction. 
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Normal Circle
Fixed by ray marching.

Another “free” 
component we can 
sample.

演示者
演示文稿备注
That leaves just a single degree of freedom to sample.
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Normal Circle

演示者
演示文稿备注
Normalizing the gradient gives us the corresponding normal direction. 
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Normal Circle

演示者
演示文稿备注
Project the set of possible gradients onto the hemisphere, and you get a semicircular trajectory — we call it the normal circle.
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Scattering Circle

Reflect  about  

演示者
演示文稿备注
Reflect the ray direction about the normal circle, and you get the scattering circle.
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Light Circle Cap

演示者
演示文稿备注
For a spherical light, all the directions connecting the shading point p to the light trace out a circular cap on the hemisphere. 

Only inside this cap can a ray reach the light.
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Double Circle Model
Light Circle Cap Scattering Circle

演示者
演示文稿备注
The light circle cap gives us the directions that will hit the light. 

The scattering circle gives us the possible scattering directions conditioned on the derivative from ray marching. 

We want to generate rays that 

(click) both hit the light, and lie on the scattering circle.
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Double Circle Model

Our target segment!

演示者
演示文稿备注
So the segment both on the scattering circle and within the light circle cap is our target range. 

From here, our problem becomes a simple geometry problem of taking the intersection of two circles. 
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Double Circle Model
Simple to solve for the range of scattering directions! 
A 3x3 linear system

More Details in the paper

演示者
演示文稿备注
It turns out all we need is a 3×3 linear system and a line–sphere intersection.

We include the technical details in the paper. 
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Double Circle Model – Other Cases More Details in the paper

Fully contained Missed

演示者
演示文稿备注
There are a couple of other cases too — fully contained, and fully missed — which we cover in the paper.
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Restricted sampling domain
Scattering direction range
[  ,  ]

演示者
演示文稿备注
To restrict the scattering direction onto this arc, 
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Restricted sampling domain
Scattering direction range
[  ,  ]

Normal vector range
[  ,  ]

演示者
演示文稿备注
We first map it back to the normal vector range, 
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Restricted sampling domain
Scattering direction range
[  ,  ]

Normal vector range
[  ,  ]

Gradient range
[  ,  ]

演示者
演示文稿备注
Then map it to the range of the remaining gradient component. 
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Sample truncated Gaussian
Scattering direction range
[  ,  ]

Normal vector range
[  ,  ]

Gradient range
[  ,  ]

演示者
演示文稿备注
And sample a truncated Gaussian distribution within the range. This ensures the scattering direction is on the segment of the scattering circle. 

By far, we enable NEE for heightfield GPIS for the first time. 
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From Heightfield to General GPIS

演示者
演示文稿备注
But real surfaces rarely follow the heightfield assumption exactly 

(click) — usually the correlation is large but finite, and the cvGDF has some width.

So to handle those materials, and to do MIS with existing strategies, we extend the method to general 3D GPIS.
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From Heightfield to General GPIS

2 DoF  – 
1 fixed by ray marching 
= 1D Gaussian

3 DoF  – 
1 fixed by ray marching 
= 2D Gaussian

演示者
演示文稿备注
Recall that ray marching fixes one degree of freedom.

For a 2D GPIS, that leaves one left. But for a 3D GPIS, the gradient starts with three, so even after ray marching, we still have two.
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From Heightfield to General GPIS More Details in the paper

演示者
演示文稿备注
So we first sample one dimension of the Gaussian, condition on it,

then apply our method exactly as before.



Results

演示者
演示文稿备注
Here are some results. 
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NEE, Anisotropic GPIS [Xu et al. 2025]

MSE:1.165

演示者
演示文稿备注
With the noise stretched by a factor of 100, this is what the old NEE gives you.
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CPNEE, Anisotropic GPIS [Ours]

MSE:0.018 ~64x

演示者
演示文稿备注
And this is ours with equal sample count — which performs about 64 times better.
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NEE, Isotropic GPIS [Xu et al. 2025]

演示者
演示文稿备注
In the veach scene, the effect of the anisotropy and roughness is more obvious. 

For isotropic GPIS, as the roughness decrease from top to bottom, the NEE gives less benefit. 
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NEE, Anisotropic GPIS [Xu et al. 2025]

演示者
演示文稿备注
And if you increase the anisotropy for all the 4 slabs to obtain heightfields, the NEE performs worse. 
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CPNEE, Anisotropic GPIS [Ours]

演示者
演示文稿备注
While our method gives better results for both the glossy GPIS and the GPIS with high anisotropy. 



Limitation & Future Work
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CPNEE, Anisotropic GPIS [Ours]

Missed intersection

演示者
演示文稿备注
One of our limitation is, for rough GPIS with small light, the scattering circle will have higher probability to miss the intersection with the light circle cap.  

This missing increases the variance for our method. 

This makes our method perform worse than the existing NEE method for isotropic GPIS. 

Further restricting the range of scattering circle to avoid this missing will be a meaningful further work. 
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Extended to Any Shape Light

演示者
演示文稿备注
Everything so far has assumed a spherical light.

We can extend to other light shapes by wrapping them in a spherical proxy and shooting rays at that bounding sphere 

— returning zero whenever the ray misses the actual light.
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Limitation & Future Work

Noisy!

演示者
演示文稿备注
One limitation is that efficiency depends on how tight that bounding sphere is. 

A loose sphere means more rays miss the real light.
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Limitation & Future Work

演示者
演示文稿备注
We might ease this by swapping one big sphere for many small ones — or, for a planar light, bounding it with a disk instead. 

Finding better bounding proxies is an interesting direction for future work.
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Conclusion

NEE [Xu et al. 2025] Ours

演示者
演示文稿备注
To conclude, previous NEE generate samples in the light circle cap. 
However, as the anisotropy increases, the distribution of scattering directions degenerate to a 1D scattering circle. 
Previous method fails since none of the sample will lie on the circle exactly. 
To solve this, we generate samples that both lying on this 1D curve and in the light circle cap region. 
We developed a double circle geometry model to solve for the valid range. 
And sample a truncated Gaussian within the range. 
This enables NEE for heightfields GPIS for the first time, and also greatly improves the rendering for strongly anisotropic GPISes. 



Thanks!

Kehan Xu Wojciech Jarosz

Conditional Product Next Event Estimation for 
Gaussian Process Implicit Surface

79

Dartmouth College

NSF Award 2440472

演示者
演示文稿备注
Thanks everyone for coming again and thanks for my collaborator Kehan and advisor Wojciech.   

Any question? 
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Heightfield GPIS with Beckmann Distribution

Beckmann – Smith vNDF

Heightfield GPIS cvGDF

演示者
演示文稿备注
Here's something neat: if we sample heightfield gradients by ray marching and histogram the PDF, (click)

once it converges it matches the classical Beckmann VNDF with the Smith approximation.
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