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Goal: Road Layout Map 

• With minimal/no 
labelling


• In nasty geometries

Wang et al 19



Road layout maps

• A prediction of the layout of the main scene in front

• distinguish between 


• transients (cars, pedestrians, etc)

• and persistent (road, walkways, bicycle lanes, buildings)


• including

• intersections

• lane boundaries


• Potential cues

• streetview

• openmaps 

• layout is stylized

• persistent categories have coherent (but variable) appearance

• scene flow/photometric consistency



Cues

• Incidental data

• streetview+openmaps 


• layout is stylized


• persistent categories have coherent appearance


• scene flow/photometric consistency



Layout is stylized



Q: How do we impose structure?

• We want to the network to produce layout maps that are 
“like real maps”

• How?



Side topic - Adversarial losses

• Issue: 

• we are making pictures that should have a strong structure


• albedo piecewise constant, etc.

• but we don’t know how to write a loss that imposes that structure


• Strategy:

• build a classifier that tries to tell the difference between


• true examples

• examples we made


• use that classifier as a loss



A GAN

Generative 

Adversarial


Network

Grosse slides



Grosse slides

Notice: we want the discriminator to make a 1 for  real data, 0 for fake data

Solution (if exists, which is uncertain; and if 

can be found, ditto) is known as a saddle point.


It has strong properties, but not much worth 

talking about, as we don’t know if it is there or


whether we have found it.



Thakar slides



Important, general issue

• If either generator or discriminator “wins” -> problem


• Discriminator “wins”

• it may not be able to tell the generator how to fix examples

• discriminators classify, rather than supply gradient


• Generator “wins”

• likely the discriminator is too stupid to be useful


• Very little theory to guide on this point
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One must be careful about losses…
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One must be careful about losses…
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Alternative losses

• Hinge:

• Discriminator makes D(im)


• want

• real images -> -1

• fake -> 1


• Discriminator loss:


• where y_i=-1 for real, y_i=1 for fake

• Generator loss:


•

<latexit sha1_base64="aijCDd2tmtUrGnw+YLeziL0yCSg="></latexit> X

fakes and real

max(0, 1� yiD(Ii))
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Adversarial loss

Adversarial loss
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Estimated Albedo

Paradigm Albedo



Theory

Goodfellow et al 14



“Theory”

• What if they don’t have enough capacity?

• What if p_g doesn’t make “enough progress”?

• In what sense converges? 


• p_data is a set of samples

• we DON’T WANT usual convergences

• we WANT convergence to some smoothed p_data


• how smoothed? how controlled?

Goodfellow et al 14



Questions

• How do we hobble an adversary in a useful way?

• dunno


• When is an adversarial smoother helpful?

• dunno


•



Layout is stylized

Wang et al 18



In overhead view

Wang et al 19



Issue - cars and pedestrians

• Moving objects obscure ground map

• can be fixed

Schulter et al 18



Schulter et al 18

Detector to mask Inpaint semantics and depth

Map to ground

Fix the ground map



Inpainting

Notice:  we inpaint labels and depth, NOT the image

Notice:  depth is inferred from the image
Schulter et al 18
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Birds eye view from depth + labels

Schulter et al 18



Refining birds eye predictions

Schulter et al 18



Warping OSM to map layout

Schulter et al 18
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Good + bad

• Birds eye view is a good idea

• right place to compare labels with models


• Label inpainting is good idea

• but why in image?

• the warping, registration seem to help A LOT with this


• It’s clear that warping, registration, adversary are helpful

• adversary isn’t that helpful - why?


• If you’re going to warp OSM, why not use result of warp?

• Depth inference is a dubious idea


• Why not use ground plane estimate?

• and homography?



In overhead view

Wang 19
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CRF

• Q: what does this apply to

• I *think* predicted labels on “ground plane”


• but what is discretization?



What is a CRF?

• At each pixel location i, j place a discrete label


• Construct a cost function 

• with unary (single label) terms


• and binary (label pairs)   terms


• Choose labels to minimize this cost

• rich algorithmic tradition

Quick and dirty review of a topic that could occupy a course!
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Example application of CRF: Grab Cut

• Originally for matting

• extracting an object from an image


• Process

• user places box


• grabcut segments intended object

• user perhaps iterates with strokes, etc.


• For us:

• segments using graph cuts


• clever iterative model of interior/exterior

• extremely simple shape prior on object



GrabCut mapping

• Labels are either 0 (background) or 1 (foreground)


• Write 

• S for some function measuring similarity (smaller is better!)

• p_ij for ij’th pixel value


• We want the label of a pixel to agree with its neighbor

<latexit sha1_base64="XcqAdXW02g6vnbKzUJ5Mg8YvuAk="></latexit>
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GrabCut solving

• This is a discrete optimization problem

• choose 0, 1 at labels


• best case is when labels agree with foreground/background appearance

• and with neighbors


• For this case, with k>0, solution is polynomial

• well studied, graph cut


• Procedure

• use pixels near center of box to build model of foreground

• use pixels outside box to build model of background

• choose k; solve for l_ij

• you now have segmentation.



Stereo as a CRF

• Original:

• find q, q’ that match, and infer depth


• Now:

• choose value of depth at q; then quality of match at q’ is cost

• optimize this



Stereo as a CRF

• Typically:

• quantize depth to a fixed number of levels


• label at pixel can be one of d depths

• unary cost is color match 


• (photometric consistency constraint)

• it can be helpful to match intensity gradients, too


• pairwise cost from smoothness constraint on recovered depths

• eg depth gradient not too big, etc.


• massive discrete quadratic program



Semantic Segmentation as a CRF

• But now we have it for segmentation as well

• one label per segment

• costs:


• per pixel:  

• how well does this label/pixel value go together

• as in grabcut above


• per pair:

• how well does this label/pixel pair work together

• usually, a form of smoothness 


• agree with your neighbors



Why go to all this trouble?

• Can impose some kinds of spatial prior

• labels mostly agree with their labels

• long scale agreement between labels



Why go to all this trouble?

• Can impose some kinds of spatial prior

• labels mostly agree with their labels

• long scale agreement between labels



Solving CRF’s

• Solving is well understood for many cases

• Minimize:


• x^T A x + b^t x

• subject to:   x is a vector of discrete values


• Immense, very active literature

• settled down a bit over the last 10 years, but…


• Special case

• Every pixel is connected to every other pixel


• with weights

• Yields a fast variational algorithm


• based in non-local means
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Good + bad

• It’s clear that label fields are highly structured

• but BEV construction is weird


• This structure is very important and valuable

• Q: can we exploit without OSM, Streetview, etc.?


