








































































































































































































































Presenter
Presentation Notes
Now these boundary methods typically introduce a new integral over discontinuities.
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Estimating this can have a few challenges that we don’t see for the forward rendering integral:
For one, since global illumination can require integrating the radiance at arbitrary points in the scene, finding those edges that contribute to the derivative can require additional data structures for book-keeping. It must also deal with the fact that samples on edges can be occluded from vision, which can become a large problem for dense geometry where most edges are occluded. 
These methods can also have issues when you want to use perfectly specular surfaces. This is particularly true for edge-sampling, since you have to invert the mirror to connect edge samples to the camera.
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These problems motivated Loubet et al to ask whether we can avoid sampling these discontinuities.
Since the discontinuities are only a problem because they move when you change parameters, (*) the idea is: why not transform the entire space with the discontinuities?
Their method therefore finds a transformation for it’s sampled rays (*) such that the movement of the discontinuities are cancelled by the transformation.
Unfortunately, it is hard to find a transformation that accounts for all discontinuities. (*) So, they use a heuristic blurring approach to approximate this motion, and therefore this method produces biased gradients.
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We’ll look at another area approach that avoids discontinuities, but is also able to produce unbiased gradients. We’ll also see what the challenges and tradeoffs are versus the boundary methods.
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Now as Shuang and Ioannis have already covered but I will recap here, (*) the correct derivative of an integral can be expressed using the Reynolds transport theorem. Essentially, the derivative of an integral is the sum of two parts: (*) The first is the integral of the derivative defined over the interior set D of continuous points. Note that this term is equivalent to applying autodiff. 
(*) The second component is an integral over all the discontinuous points and this captures the contribution from the change of boundaries. 
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Now edge-sampling (*) tries to estimate this term by generating samples on these boundaries. Here we ask: (*) Can we estimate this same integral without having to generate such samples? In other words, can we rewrite this boundary integral to an area integral that is defined in the interior set D. 
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For this, we apply the divergence theorem, which states that for a integral of some vector quantity over the boundary of a (*) domain, there is an equivalent integral of the divergence of this vector quantity over the interior of the domain.
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We can now realize our goal of rewriting the edge integral into an area integral. (*) This is simply an integral over the divergence of the vector quantity f times v. But, we run into a subtle problem here. The vector v that we get from the Reynolds transport theorem is only defined on the boundaries shown in blue in the illustration. This means we must use a different quantity defined over the continuous set D, and we refer to this as the warp field V_theta. Assuming we have such a field, these two integrals are now (*) equivalent, and the key advantage is that we can now estimate this using just area samples. 
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In order to visualize the warp field its helpful to consider a 2D example. (*) Consider a scene where our image is simply the integral of the intensity over the domain of the semicircle centered on the camera. (*) In this example, the _boundaries_ of the integral are simply the points that correspond to the silhouette of the polygon when projected onto the camera. 
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Now,  the velocity v is the rate (*) at which these values change as the underlying scene moves with theta. (*) If we plot these values onto a graph, we see that this is only defined on the set of discontinuous points, and is undefined everywhere else. This is the quantity that edge-sampling would compute for its integral.
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But remember that _we_ want to compute the equivalent _area_ integral. (*) We need to find a warp field V_theta defined over the entire domain (not just the silhouette points). What is this warp field? Well, it must satisfy two conditions.
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The first one says that the warp must be continuous. This is easy to see because if V is not continuous, its divergence doesn’t exist. For example, the one on the left is continuous, while the one on the right isn’t. 
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The second rule is that it must be equal with the velocity at all boundary points. This rule follows directly from the divergence theorem. As an example, this field on the left is boundary consistent, while this field on the right is not consistent. If we have a field that satisfies both these rules, then our integral conversion is correct. Our problem has now been reduced to smoothly interpolating the velocity at discontinuous points, to the rest of the domain.
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Producing this interpolation can be a bit tricky. (*) Unlike a traditional interpolation problem, the only quantities we know about a specific sample are the origin point, the ray and the intersected primitive. What we don’t know are the locations of the discontinuities. Our primary goal is to interpolate while avoiding the cost of locating these boundaries. and so we call this the ‘blind interpolation’ problem where don’t have explicit access to the positions of the control points.
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One way to find such an interpolation is to use the implicit derivative approach. (*) We know the intersection point Y is a function of both our ray direction omega and the scene parameter theta. This means the two quantities are implicitly related through the intersection function. (*) We can then find the derivative of omega w.r.t theta just by taking the ratio of their individual derivatives. 
(*) When we plot the result, we see that the warp field is by definition consistent at the boundaries, but isn’t defined anywhere outside the surface because the intersection doesn’t exist. So this isn’t continuous. 
Intuitively, we can try to blur this in some way.
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And that’s our second attempt: (*) We convolve the entire domain with a uniform Gaussian filter by introducing another integral. (*) Predictably, the resulting warp field is continuous, but we see that a uniform blur has no guarantees on preserving consistency at the boundary points.
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At a high-level, what we want to do is blur the function at interior points while keeping the non-filtered values 
at the boundaries. And for this we need boundary dependent weights that are smooth in the interior of the surface, but a sharp Dirac delta at 
boundary points. Intuitively, this works because convolving a function with a Dirac delta just returns the same function.
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However, remember that we don’t actually have access to the set of discontinuities. (*) We can only access the current intersection point and its local geometry. 
It turns out that (*) we can still achieve our goal if we can instead compute some function B(.) whose zero-set is the set of discontinuous points. 
Intuitively, this is an implicit representation of the boundary and comes with the advantage that it is much easier to compute when compared to explicitly finding the 
boundary. 
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As an example, imagine we have a smooth shape, we can now use the dot product of the ray direction with the intersection’s normal as the boundary function, (*) because conveniently, this is 0 at boundaries.
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Using this we can design convolution weights based on harmonic interpolation. Harmonic weights are just the inverse of the distance between the two points. 
However, instead of using only distance, we pad it with our implicit boundary function. 

Effectively this means the contribution of a boundary point approaches infinity as the sample point approaches the boundary. (*) This weighting scheme now produces a field that is both boundary consistent and continuous.
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Now that we have a warp field, we need to numerically compute it, which requires another Monte Carlo sampler.

Putting this all together (*) our process first uses a traditional path tracer to sample a light path. 
At each bounce, (*) we sample auxiliary rays for the inner integral. (*) We then use autodiff to find the implicit derivative and the weights 
at each of these auxiliary rays. (*) Finally, we compute the weighted mean of all these rays to find an estimate for the warp at the current bounce. 
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Now we move on to some results from our method.
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When comparing against edge-sampling, area methods tend to handle global illumination better. (*)Here, we see that edge-sampling has trouble with specular reflections. This phenomenon gets worse for more complex geometry like the Hedge.
By contrast, (*) our approach avoids this problem because we use a typical path tracer for derivative samples and benefit from the forward path tracer’s importance sampling. 
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As we mentioned before our method is an unbiased version of the other area method: reparameterization.
But does that bias actually matter for applications? We see that for a 6 degree-of-freedom pose estimation problem for complex geometry, biased methods can have badly behaved gradients that can cause the optimization to diverge completely. We also verify the robustness of the warped-sampling approach by using several different initializations. This method converges on almost all initializations.
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Also consider a more complicated problem of trying to estimate the pose of a corkscrew using _just_ the shadows. The complicated geometry make this very difficult, and you need accurate gradients to make progress beyond a certain point. We’ll point out that biased gradients get the coarse pose correct, but the fine adjustment fails.
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To summarize warped-area sampling, we first applied the divergence theorem to convert the edge-integral into an area-integral over a warp field. We then derived the conditions on this field for this to be valid, and finally we described one approach to computing such a warp field using harmonic interpolation. 
In doing this we avoid discontinuity sampling, but at the cost of additional convolution rays for each primary ray.

Now let’s change gears and take a step back
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Now we’ve seen that the physically-based rendering equation is typically an integral. I would actually like to draw your attention to the fact that a lot of graphics applications actually have this same issue. They are integrals over discontinuities. That includes Ray-tracing, rasterization, (*) finite element simulation as well as (*) physical trajectory simulation
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, and (*) many more.
Shuang and Ioannis have given you an idea of just why this is a difficult task.
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Now, each of these problems do have solutions. We have already seen different methods for path tracing. There’s a similar situation for rasterization, (with SoftRas and the same goes for differentiating physical simulation)
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One issue with these works is (*) that they hand-derive solutions for their fixed pipeline, 
which doesn’t transfer easily to different domains. 
For instance, SoftRas cannot be applied directly to a finite elements simulation without manual re-derivation.
(*)It is natural to wonder, then, if we can automate the process (*), 
and the goal of our work is to provide a systematic solution to this question

This is not to say that hand-derived methods don’t work. There are several approaches that successfully provide solutions for their problem domains, (including some presented at this very session!)? 
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And that is what I’ll be talking about now. 
In this work we propose a new auto-diff approach for the types of integrals we have encountered so far.

But to see what’s wrong with existing auto-diff methods, we ‘ll start with a simple example.
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Let’s see a very simple example where we try to compute the derivative with respect to t of an integral with the parametric discontinuity x < t.
The bracket notation is defined so that if x is less than t then the integrand is 1 and it is 0 otherwise
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In order to ground the problem, we compute the solution by analytically integrating and then differentiating. 
Just from looking at the graph we can see that if t is negative we integrate over no mass.
If t is between 0 and 1, the value of the function is 1 for distance t, so the integral is t. 
and if t is greater than 1, then the value of the integral is 1.

Computing the derivative with respect to t is easy. 
We just compute the derivative for each part of the piecewise function (*). 
The derivative with respect to t of (*)0 is 0, of (*)t is 1, and of (*)1 is 0. 
Notice that the function is 1 in the range 0 to 1 and 0 otherwise. 
(*) We may more compactly express this with our bracket notation.  
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In practice, we cannot compute integrals analytically. 
As a result, it is common to use numerical techniques such as quadrature or Monte Carlo estimation. 

Thus, we first (*) discretize the integral at a number of points and then (*) differentiate each of the samples. 

The derivative is 0. Why? Because the function is constant for all sample points. 

Unfortunately, this answer is (*) incorrect.

While in general, autodiff is correct almost everywhere, this implementation does not encode the semantics of the integral.
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Instead, we will now compute the derivative without discretizing.

The derivative of the step function is 0 everywhere except t where it is infinity, as represented by delta of t-x.

-----
Remember that derivative of discontinuity is dirac.
We’ll figure out how to actually evaluate this later.
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Taken together, (*) discretizing before you (*) differentiate produces the (*) incorrect result, but (*) just differentiating produces the correct answer.
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Let’s quickly look at this in code. 

(*) Discretizing involves iterating over the variable of integration and incrementing whenever x < t.

(*)The derivative just applies to the body of the conditional, so the answer is 0. 

(*) It is necessary to have an integral primitive in order to write the code for the initial expression, 

(*) and now, because we can’t turn it into a discrete sum, we need an integral primitive in the derivative too.

--------
Todo: fix animations.
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But the catch is that, to handle discontinuities, we need a (*) Dirac delta operator
Unlike other typical operators, the Dirac delta is really not (*) a well-defined function, it’s literally infinity at a point. 
That is just one of many reasons that make it intractable to allow them as operations in programs.
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And so, our process has a second step that eliminates delta terms to produce a new delta-free expression, that we can then evaluate properly. Note here, that unlike traditional auto-diff, this approach gets the correct answer.
But wait, how did we do this?


---------------------------------------------
To do a quick recap, we first compute the derivative, introducing a delta term, and then eliminate the delta, (*) producing the correct answer.

Now, all of this has been on a toy example. 
We’re now going to scale up to general expressions by representing these transformations in a new language called, Teg.
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For this, we use the Sifting property, which is essentially just integral convolution, but for the Dirac delta.

The catch (*) here is that it only applies to deltas containing a single variable of integration. (*) That is, it’s exactly aligned with the axis of integration
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But in practical applications, that’s not really true, what if we (*) had a program that described a circular discontinuity? Maybe something like this. (*) Formally, we say that this discontinuity is not in _normal_ form.

In that scenario, our system identifies and applies appropriate changes of variables to the integrals.
(*)
In this example, we would first apply a polar coordinate transform.

----------------------
In the second pass, (*) Teg reparameterizes the (*) delta expression (*) so it contains a single variable of integration. In this example, Teg (*) first converts (*) to polar coordinates. 
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But the new expression still isn’t in (*) normal form. So, (*)we do (*) another reparameterization from 2r - t to r'.
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Which now (*) results in an expression in normal form  (*) – with a single variable of integration in the delta. 

But we still need to covert the rest of the program to these coordinates.
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The process of performing the first (*) and second (*) change of coordinates is identical. For simplicity, we focus on the second.
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Teg applies the change of coordinates to the bounds of integration and the delta (*)
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It then substitutes the old variables for the new variables (*) using the inverse of the condition. 
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And finally, Teg adds the (*) Jacobian term to account for the change of variables.

Note that we use a lot of these changes of variables 

At this point, our delta is in a single variable of integration, and we can use the Sifting property to eliminate it.
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Taken together, these passes describe a method to differentiate general integrals with discontinuities. 

Our process first breaks (*) down complex expressions into one piece per delta term. And this is possible because differentiation is a linear operator.
(*) Each term is then reparameterized to bring it to a normal form, (*) and then subsequently eliminated via Sifting.
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But what is it useful for?

As I noted before, nearly every domain in graphics contains some form of integral estimation. Our system automates the challenge of differentiation, and provides an opportunity to revisit applications that are difficult to differentiate by hand. 
We’re now going to show a few concrete applications that use our compiler.
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Our first application is image stylization, which is particularly relevant (*) here since it can be solved by differentiating a rasterizer, and then minimizing a loss function.
Note that in order for this to work properly we must account for the delta terms in the derivative.
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Starting from the same initialization, we optimize for a triangulated image using the gradients from Teg and compare against traditional auto-diff.
It turns out that not accounting for the delta terms in this program, (*) leads to a failed optimization. In fact, there is no gradient whatsoever, because traditional auto-diff only differentiates and the color is constant in the triangle.

-------
Starting from the same initialization, we optimize for a triangulated image. 


Using Teg creates a visually pleasing result, while traditional autodiff fails to optimize.
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We now turn to a new application in noise-based shaders, which contain more complex discontinuities.
(*) 

The original Perlin noise paper proposed thresholding noise shaders as a way to design interesting patterns. But since then this method has seen widespread use in procedural modelling, which means differentiating this type of shader can enable exciting inverse design problems, as well as enhance existing differentiable renderers.


-----
(To be able to differentiate discontinuous shaders is of particular interest since it enhances existing differentiable renderers as well as enable new inverse design problems.)
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We apply our differentiation approach to a design problem where we optimize random noise to fit a target image (*)

As we show here, we can successfully solve for our design objective because our derivatives correctly account for the thresholding. But what happens if we don’t?
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Well, like our image processing example, ignoring those terms results in different, and visibility sub-optimal solutions. 
(*) We stress that it is important for shaders to account for their boundary terms, because otherwise, your derivatives can have the wrong sign and cause your loss to diverge.




Presenter
Presentation Notes
For our last example, we try to animate a bouncing ball between points A and B.
We aim to animate a bouncing ball with hard contact at the floor.

Usually in graphics, we simulate this with a constant time step ODE.
But, the ball can penetrate under the floor, resulting in unstable derivatives.
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Instead, if you are trying to do differentiable hard contact,
we suggest looking at the space-time constraints formulation,

where we parameterize the trajectory by its positions and time-stamps,

and optimize for the Lagrangian integral.

This allows us to handle hard contact, 
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However, the velocity term in this integral is now discontinuous, which is where we need our differentiation approach.
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And we show here that not handling this discontinuity properly leads to
a physically incorrect trajectory which spontaneously changes direction. 
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This approach we have described is fairly early-stage, so we want to emphasize a few limitations which are also potential future directions.

(*) A key requirement for discontinuities in our program is that they must be reducible to a single variable.
(*) Our system is able to do this automatically for certain linear and quadratic expressions, and we also allow the user to specify their own changes of coordinates while our system handles the necessary substitutions and Jacobian adjustments.
However, it is critical that these expressions are diffeomorphisms and this limits the expressions to those with a known inverse function.

(*)
Additionally, our semantics currently don’t support indexing or tensors, (*). And, we also assume that the programs are in an expression language – they are loop free.
	
(*)
Our transformation processes are also global. Every delta term is transformed in tandem with its associated integral, which means the two pieces cannot be differentiated separately as modules. (*) And this problem gets worse when there are several delta terms, since expressions get duplicated for each delta term. 

There is important future work in solving these issues in order to scale to large applications.
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So in _summary_ (*) we’ve first looked at a general problem in differentiating graphics programs.
We then (*) proposed a new approach using (*) Dirac deltas to account for discontinuities. This (*) avoids the issue with traditional auto-diff which discretizes first and lose this information. 
(*) And because deltas cannot be evaluated meaningfully as a primitive, we show that we then eliminate these using changes of coordinates followed by sifting.
We hope that this approach provides new insights for applications previously thought to be too difficult to differentiate by hand.
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Inverse-Rendering Performance

® Fach inverse-rendering optimization takes 15—100 minutes

® Inverse-rendering performance # differentiable-rendering performance

® Differentiable rendering only accounts for <4% of total optimization time

® (Geometric processing (e.g., collision detection) takes up to 70%

® \We need much better geometric processing systems!

® c.g., ellTopo [Brochuetal. 2009] is CPU-based and single-threaded
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Synthetic renderings
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Inverse transport networks [Che et al. 2020}

* |Integrate physics-based rendering into machine learning pipeline
* Predict scattering parameters from images

Testing Training
Ot
g
image encoder parameters differentiable renderer image

* Utilize image loss provided by a volume path tracer to regularize training

* Use the trained encoder to perform inverse scattering during testing
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Examples

Groundtruth

Inverse transport network

parameter loss: 0.60x
appearance loss: 0.40x

Baseline

parameter loss: 1x
appearance loss: 1x
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iIndustrial dispersions efficient algorithms Compud toography
[Gkioulekas et al. 2013] [Nimier-David et al. 2019, 2020] [Geva et al. 2018]
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woven fabrics 3D printing cloud tomography

[Khungurn et al. 2015, [Elek et al. 2019, [Levis et al. 2015,
Zhao et al. 2016] Nindel et al. 2021] 2017, 2020]
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Non-line-of-sight (NLOS) imaging
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single-photon avalanche
photodlode (SPAD)
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visible surface

source
and
Sensor

100,000 vertices

Simulated time-of-flight data
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NLOS shape optimization [Tsai et al. 2019]

Tmx1m
64 x 64 scan points

/ S ‘

scene initial mesh optimized mesh

_ _ [O'Toole et al. 2018]
Measured time-of-flight data
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Reflectometry from interreflections [Shem-Tov et al. 2020}

Direct illumination measurements
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material sample fw;, w,)

+ Fewer measurements (single image)
- Non-linear analysis-by-synthesis optimization

material sample

f(wi’ a)o)

+ Intensities map directly to BRDF entries
- Many measurements (2D scan of light & camera)

Solvable using differentiable rendering
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Results on MERL dataset

Groundtruth

~ 6.3X
better
parameter
recovery
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Global illumination can help...

* Reduce number of measurements required for inverse rendering
* We should rethink “optimal” acquisition systems O << T <o <?

* Resolve ambiguities between different types of parameters
* We should revisit theory problems on uniqueness results

Shape from interreflections Interreflections resolve the GBR ambiguity
[Nayar et al. 1990, Marr Prize] [Chandraker et al. 2005]
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Redner is the framework first introduced by the edge-sampling paper, 
It’s one of the most popular differentiable renderers on Github right now.

It’s essentially a path tracer that implements edge sampling algorithm, but notable uses a BVH-style hierarchy for edges to accelerate edge-sampling.
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One key thing I want to emphasize is that it is built from the ground up to be used as a tool for ML and computer vision applications, and as such it can slot right into a neural model that you might be working with. It slots in as a layer, takes as input shapes, light positions, camera pose, etcetera, and produces a physically realistic image.

You can use this as a differentiable layer in both pytorch or tensorflow, and backpropagate using unbiased gradients generated from redner.

Shuang and Ioannis have already gone into the details of a physically-based renderer, and redner is based on this model. However, PSDR uses the path space, while redner is based on edge-sampling.
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Some new features of redner:

redner offers G-buffer rendering for various different buffers like positions, normal, albedo. Your use case might also require these in addition to the realistic image for things like, maybe regularization..
Note that these G-buffers are very versatile and can be used for post-process lighting like SoftRas or Pytorch3D, but with accurate gradients through edge-sampling. 
(Render provides a handy package for popular non-physical lights and materials.)
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In the last update, Redner’s experimental branch now contains both edge sampling and the warp field method, so you can get the benefits of both!
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We provide an easy way to swap between the two methods so you can choose which one to use based on the current requirement. As a general rule of thumb, (*) edge-sampling works great for primary visibility, while (*) warped sampling works better for higher-order illumination.
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You can use render as a layer anywhere in your system!
For instance, (*) train the parameters of a morphable model to match a particular target.
Or, (*) you can use redner at the input to find adversarial examples for a classifier network.
Alternatively, (*) you can use it to optimize for fine-grained pose, by using the output from a different method as initialization.
And you can do so much more with a differentiable rendering layer,…


SCAN ME

Github codebase

SCAN ME
Sample notebook
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So try it out today at the following links. Redner is GPU accelerated through NVIDIA OptiX, is available on all three platforms, and you can install it through pip!

Alternatively, you can even run it on the cloud, the bottom right links to an ipython notebook with a live example of optimizing a morphable model. You can even try it out on your phone if you want to.
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