
UCU Summer School
Alexander Shekhovtsov 

Kostiantyn Antonuk



• D1 Starting toolbox for statistical recognition 

• D2 Structured prediction 

• D3 Learning for structured prediction 
• Structured output SVM, advanced examples 
• Cutting Plane methods
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CNN+CRF Stereo
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End-to-End Training of Hybrid CNN+CRF Models for Stereo
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Hybrid Inference Models

CNN features
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Discrete Optimization - MRF Model
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For a chain or a tree can be solved using dynamic programming.

A. Shekhovtsov Parallel Dual Block Optimization for Energy Minimization

Discrete Inference Refinement

Stereo Matching - Real-Time Reconstruction

Cost Vol. Discrete Cont. Ref. Total

27 ms 73 ms (4 iterations) 39 ms 139 ms

Table: Runtime analysis of the individual components of our stereo matching
method (640⇥ 480, 128 labels).

Figure: Influence of continuous refinement on the reconstruction quality of
KinectFusion.
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Model Overview
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Model Overview



Euclidean Distance 
/ correlation 

7

Local Matching Costs
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Dense Descriptor

Further processing

• This part generalizes  
engineered matching costs 

• Can apply all techniques with it!



Unary CNN 
• 3-7 convolutional layers 
• 83k – 243k parameters 
• Learn optimal features for stereo-matching 
• Parameters are shared between left and right image
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The building blocks: Unary CNN & Correlation
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• 3 layers: 
• Courage label jumps at strong object 

boundaries 
• Discourage label jumps in homogenous 
regions
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The building blocks: Pairwise CNN

Engineered

Learned
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The building blocks: CRF

 

 



• The bilevel problem 

• It is in general hard to differentiate minimizers 
• Derivative of discrete minimizer in theta is zero almost everywhere 

• Apply a convex proxy - margin rescaling Structured SVM  
• [Tsochantaridis et al. ‘05]
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End-to-end learning
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• Want: GT disparity map x

⇤
is better than any other solution by a margin

proportional to loss
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• A subgradient in CRF cost vector

¯
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Loss-augmented inference problem

• Back-propagate to get gradient in ✓
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Structured SVM

Upper bound on the risk



Training 
• stochastic (sub)gradient descent 

with momentum 
• unary-CNN pre-training 
• joint training 

Databases 
• Middlebury Stereo v3 

• Kitti 2015
Training curves
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Training



Comparing our models 
• Standard metric: bad4 

• Percentage of „bad“ pixels whose error is greater than 4 
• Results are computed on quarter-size images and then upsampled to full 

size for evaluation 
• Fast: 285ms for 640px x 480px

Method CNN +CRF +Joint +Pairwise

CNN3 23.89 11.18 9.48 9.45

CNN7 18.58 9.35 8.05 7.88
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Middlebury Stereo v3
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Effect of Joint Training

Unary CNN Unary CNN + CRF Full Joint
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Effect of Joint Training

Input CNN +CRF +Joint+PW

Figure 3: Qualitative comparison of Unary-CNN, CNN+CRF and
CNN+CRF+Joint+PW on the Middlebury benchmark. Zoom-in
of disparity with 3 layers (top) and 7 layers (bottom). Note how
the jointly trained models inpaint occlusions correctly.

The results are shown in Table 1. This experiment demon-
strates that an optimization or post-processing is necessary,
since the direct output of all tested CNNs (after a simple
point-wise minimum search in the cost volume) contains
too many outliers to be used directly. A qualitative com-
parison on one of the training images of Middlebury is de-
picted in Fig. 3. One can observe that the quality of the
CNN-only method largely depends on the number of lay-
ers, whereas the CNN+CRF versions achieve good results
even for a shallow CNN. Table 2 additionally shows the er-
ror metrics bad{2,3,4} on the design set of Kitti, because
these error metrics cannot be found online.

5.3. Benefits of Joint Training

In this experiment, we compare our method to two re-
cently proposed stereo matching methods based on CNNs,
the MC-CNN by Zbontar and LeCun [55] and the Content-
CNN by Luo et al. [28]. To allow a fair comparison of the
methods, we disable all engineered post-processing steps of
[28, 55]. We then unify the post-processing step by adding
our CRF on top of the CNN outputs. We evaluate on the
whole design set since we do not know the train/test split
of the different methods. In favor of the compared methods,
we individually tune the parameters P1, P2,↵,� of the CRF
for each method using grid search. The results are shown
in Table 1. While the raw output of our CNN is inferior
to the compared methods, the post-processing with a CRF
significantly decreases the difference in performance. Joint
training of our CNN+CRF model further improves the per-
formance, despite using a relatively shallow network with
fewer parameters. Specifically, our full joint model with
7 layers has 281k parameters, while the networks [28, 55]
have about 700k and 830k parameters, respectively.

5.4. Benchmark Test Performance

The complete evaluation of our submission on test im-
ages is available in the online suites of Middlebury [40]
and Kitti 2015 [30]. The summary of this evaluation is pre-
sented in Table 2. We want to stress that these results have
been achieved without using any post-processing like oc-
clusion detection and -inpainting or sub-pixel refinement.

Benchmark Method CNN +CRF +Joint +PW

Middlebury CNN3 23.89 11.18 9.48 9.45
CNN7 18.58 9.35 8.05 7.88

Kitti 2015

CNN3 28.38 6.33 6.11 4.75
CNN7 13.08 4.79 4.60 4.04
[28] 5.99 4.31 - -
[55] 13.56 4.45 - -

Table 1: Influence of the individual components of our method
(§ 5.2) and comparison with [28, 55] without post-processing
(§ 5.3). Standard error metrics (bad4 on official training data for
Middlebury and bad3 on the design set for Kitti) are reported.

We fine-tuned our best performing model (Table 1,
CNN7+PW) for half sized images and used it for the Mid-
dlebury evaluation. Table 2 shows the root mean squared
(RMS) error metric and the bad2 error metric for all test
images. We achieve the lowest overall RMS error. Our
bad2 error is slightly worse compared to the other methods.
These two results suggest our wrong counted disparities are
just slightly beside. This behavior is shown in the error plot
at the bottom in Fig. 4, where many small discretization
artefacts are visible on slanted surfaces. Note that a sub-
pixel refinement would remove most of this error. Addition-
ally, we present an example where our algorithm achieves a
very low error as in the majority of images.

For Kitti we use our best performing model (Table 1,
CNN7+PW), including the x- and y-coordinates of the pix-
els as features. This is justified because the sky is always at
the top of the image while the roads are always at the bottom
for example. The error plots for Kitti in Fig. 5 reveal that
most of the incorrect predictions are in occluded areas. In
Fig. 6 we show a qualitative comparison of magnified depth
predictions of CNN-based methods on a Kitti test image.
The depth overlays at the left side of the figure show how
accurately the algorithms recover object boundaries and the
images on the right side show the corresponding error plots
provided by the evaluation system. Note, that very accu-
rate predictions are partially treated as incorrect and how
the competing methods tend to overfit to the fattened ground
truth. Our approach works also very well in the upper third
of the images, whereas the competing methods bleed out.

6. Conclusion
We have proposed a fully trainable hybrid CNN+CRF

model for stereo and its joint training procedure. Instead of
relying on various post-processing procedures we designed
a clean model without post-processing, where each part has
its own responsibility. Therefore we gain interpretability
of what is learned in each component of the model. This
gives the insight that using a well defined model decreases
the number of parameters significantly while still achiev-
ing a competitive performance. We have shown that the



• Error metrics 
• Bad2: Percentage of „bad“ pixels whose error is greater than 2 
• RMS: root mean-squared error 

• Very large images: 3000px x 2000px 
• Currently rank 1 with RMS error, rank 6 with bad2 error 
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Middlebury Stereo v3

Method Ø RMS Ø bad2 Time/MP Parameters Post-Processing

MC-CNN 21.3 8.29 112s 830k CA, SGM, SE, MF, BF

MC-CNN + RBS 15.0 8.62 140s 830k CA, SGM, SE, MF, BF, RBS

Ours 14.4 12.5 3.69s 281k -

CA…Cost Aggregation, SGM…Semi-Global Matching, SE…Sublabel 
Enhancement, MF…Median Filtering, BF…Bilateral Filtering, RBS…
Robust Bilateral Solver
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Middlebury Stereo v3 Test Results

Djembe Australia Crusade
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CNN+CRF

Figure C.2: Qualitative comparison of our models on Middlebury. For each image, the first row shows our 3-layer model and the second
row shows the result of our 7-layer model. The first column shows out Unary-CNN with argmax desicion rule, the second column
CNNx+CRF and the third column shows the result of CNNx+CRF+Joint+PW. The remaining columns show the respective error-plots for
the different models, where white indicates correct and black indicates wrong disparities. The red boxes highlight differences between our
models. Disparity maps are color-coded from blue (small disparities) to red (large disparities).

Figure C.2: Qualitative comparison of our models on Middlebury. For each image, the first row shows our 3-layer model and the second
row shows the result of our 7-layer model. The first column shows out Unary-CNN with argmax desicion rule, the second column
CNNx+CRF and the third column shows the result of CNNx+CRF+Joint+PW. The remaining columns show the respective error-plots for
the different models, where white indicates correct and black indicates wrong disparities. The red boxes highlight differences between our
models. Disparity maps are color-coded from blue (small disparities) to red (large disparities).

19/21

Intro Plots References

Stereo: CNN+CRF

CNN-only CNN + CRF

(fixed edge weights)

CNN + CRF

(trained edge weights)

A. Shekhovtsov Parallel Dual Block Optimization for Energy Minimization
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CNN+CRF
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Intro Plots References

Stereo: CNN+CRF

CNN-only CNN + CRF

(fixed edge weights)

CNN + CRF

(trained edge weights)

A. Shekhovtsov Parallel Dual Block Optimization for Energy Minimization



• Standard metric: bad3 
• Percentage of „bad“ pixels whose error is greater than 3 

• Dataset specific for autonomous driving 
• Currently rank 8 of published algorithms

Method Non-
occ All #Paramete

rs Time Post-Processing

MC-CNN 3.33 3.89 830k 67s CA, SGM, SE, MF, BF

ContentCNN 4.00 4.54 700k 1s CA, SGM, LR, SE, MF, 
BF, RBS

Ours 4.84 5.50 281k 1.3s -

CA…Cost Aggregation, SGM…Semi-Global Matching, SE…Sublabel Enhancement, 
LR…Left-Right Check, MF…Median Filtering, BF…Bilateral Filtering, RBS…Robust 
Bilateral Solver
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Experiments – Kitti 2015
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Experiments – Kitti 2016

Unary CNN Unary CNN + CRF Full Joint
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Experiments - Kitti 2016
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[55] fst 22.4 1.69 22.0 20.3 12.7 28.8 42.6 9.82 28.7 25.1 5.07 32.0 23.3 16.5 30.6 25.5 34.1
[55] acc. 21.3 150 20.8 19.6 9.6 28.6 67.4 7.67 23.2 15.7 8.49 31.8 16.7 13.9 38.8 18.7 28.6

R
M

S[3] 15.0 188 18.4 18.1 8.72 9.06 19.9 6.52 24.2 25.7 3.91 12.7 24.7 9.58 17.9 17.5 17.9
Ours 14.4 4.46 15.9 16.2 10.7 10.3 11.2 14.0 13.7 13.1 4.11 14.3 19.2 11.9 22.5 20.6 25.5

[55] fst 9.47 1.69 7.35 5.07 7.18 4.71 16.8 8.47 7.37 6.97 2.82 20.7 17.4 15.4 15.1 7.9 12.6
[55] acc. 8.29 150 5.59 4.55 5.96 2.83 11.4 8.44 8.32 8.89 2.71 16.3 14.1 13.2 13.0 6.40 11.1

ba
d2[3] 8.62 188 6.05 5.16 6.24 3.27 11.1 8.91 8.87 9.83 3.21 15.1 15.9 12.8 13.5 7.04 9.99

Ours 12.5 4.46 4.09 3.97 8.44 6.93 11.1 13.8 19.5 19.0 3.66 17.0 18.2 18.0 21.0 7.29 17.8

Kitti 2015
Method Non-occ All Time

[29] 4.32 4.34 0.06s
[28] 4.00 4.54 1s
[55] acc. 3.33 3.89 67s
[43] 2.58 3.61 68s
Ours 4.84 5.50 1.3s

Train err. bad2 bad3 bad4

[28]3 7.39 4.31 3.14
[55]3 11.4 4.45 2.93
Ours 6.01 4.04 3.15

Table 2: Performance in benchmark test sets as of time of submission. For both benchmarks, we compare our results against work that is
based on CNNs for matching costs and accepted for publication. We report the respective standard error metric bad2 for the Middlebury-
and bad3 for the Kitti benchmark. The bottom table for Kitti shows a comparison of the training error with different error metrics badx.

Figure 4: Qualitative comparison on selected test images (from
top to bottom: Djembe and Crusade) of the Middlebury Stereo
Benchmark. The left column shows the generated disparity images
in false color, the right column the bad2 error image, where white
= error smaller than 2 disparities, grey = occlusion and black =
error greater than 2 disparities.

Figure 5: Qualitative comparison on the test set of Kitti 2015. Cold
colors = error smaller than 3 disparities, warm colors = error larger
than 3 disparities.

joint training allows to learn unary costs as well as pairwise
costs, while having the evidence that the increased general-
ity always improves the performance. Our newly proposed
trainable pairwise terms allow to delineate object bound-

Ours [55] [29] [28] Ours [55] [29] [28]

Figure 6: Zoom-in comparison with state-of-the-art methods on
a selected test image. Left images show an overlay of depth pre-
diction and input image and right images show the corresponding
error plots.

aries more accurately. For the SSVM training we detailed
the approximation of a subgradient and have shown that our
training procedure works experimentally. For future work
we plan to introduce an additional occlusion label to our
model to further improve the performance in occluded ar-
eas. In addition, it will be interesting to investigate a con-
tinuous label space [31] to improve the performance of the
model on slanted surfaces.

Acknowledgements
This work was supported by the research initiative Intelligent

Vision Austria with funding from the AIT and the Austrian Federal
Ministry of Science, Research and Economy HRSM programme
(BGBl. II Nr. 292/2012) and the ERC starting grant HOMOVIS,
No. 640156.

References
[1] Alahari, K., Russell, C., and Torr, P. H. S. (2010). Efficient

piecewise learning for conditional random fields. In Conference
on Computer Vision and Pattern Recognition.

[2] Bailer, C., Varanasi, K., and Stricker, D. (2016). CNN based

3With our CRF as postprocessing



24

Experiments - Kitti 2016

Figure C.4: Qualitative comparison on the test set of KITTI 2015.
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Experiments – Kitti 2015



26

Discretization Artifacts — Sublabel Enhancement

Component # Disp. Kitti 2015 Middlebury Real-Time
0.4 MP 1.3 MP 0.3 MP

Input processing 7.58 6.40 6.02

Pairwise CNN 21.12 59.46 13.75

Unary CNN 262.48 664.19 62.54

Correlation 128 154.86 437.02 46.70

Correlation 256 286.87 802.86 �

CRF 128 309.48 883.57 155.85

CRF 256 605.35 1739.34 �

Total 128 755.52 2050.64 284.86

Total 256 1183.40 3272.25 �

Table C.1: Timing experiments for 7 layer CNN and 5 CRF itera-
tions (3 layer and 4 iterations for Real-Time). Runtimes in ms.

Figure C.1: Qualitative comparison on Motorcycle of discrete
(upper-right) and sublabel enhanced (bottom-left) solution. Note
how smooth the transitions are in the sublabel enhanced region
(e.g. at the floor or the rear wheel).

the output cost volume of the CRF method around the discrete so-
lution. The refined disparity is then given by

dse = d+

C(d� h)� C(d+ h)

2(C(d+ h)� 2C(d) + C(d� h))

(23)

where C(d) is the cost of disparity d. A qualitative experiment
on the Motorcycle image of Middlebury stereo can be seen in
Fig. C.1. Quantitative experiments have been conducted on both
Kitti 2015 and Middlebury and will be reported in the follow sec-
tions (columns w. ref. in Tables C.2 and C.3). Again, in the main
paper and in the submitted images we always report the perfor-
mance of the discrete solution in order to keep the method pure.

C.3. Middlebury Stereo v3
In this section we report a complete overview of all tested vari-

ants of our proposed hybrid CNN-CRF model on the stereo bench-
mark of Middlebury Stereo v3. We report the mean error (error
metric percent of non-occluded pixels with an error bigger 4 pix-
els). All results are calculated on quarter resolution and upsam-
pled to the original image size. We present the results in Fig. C.2
and Table C.2. Note, how the quality increases when we add more
parameters and therefore allow a more general model (visualized

from left to right in Fig. C.2. The last row shows the Vintage im-
age, where our model produces a rather high error. The reason for
that lies in the (almost) completely untextured region in the top-left
corner. Our full model is able to recover some disparities in this
region, but not all. A very interesting byproduct visible in Fig. C.2
concerns our small 3-layer model. Visually, one can hardly see
any difference to the deeper 7-layer model, when our models are
full jointly trained. Hence, this small model is suited very well for
a real-time application.

Additionally, we compared to the performance of the model
learned on Kitti, denoted Kitti-CNN in Table C.2. The perfor-
mance is inferior, which means that the model trained on Kitti
does not generalize well to Middlebury. Generalizing from Mid-
dlebury to Kitti, on the other hand is much better, as discussed in
the next section.

Method w/o. ref. w. ref.

CNN3 23.89 -
CNN3+CRF 11.18 10.50
CNN3 Joint 9.48 8.75
CNN3 PW+Joint 9.45 8.70
CNN7 18.58 -
CNN7+CRF 9.35 8.68
CNN7 Joint 8.05 7.32
CNN7 PW+Joint 7.88 7.09

Kitti-CNN 15.22 14.43

Table C.2: Comparison of differently trained models and their per-
formance on the official training images of the Middlebury V3
stereo benchmark. The results are given in % of pixels farther
away than 4 disparities from the ground-truth on all pixels.

C.4. Kitti 2015
In this section we report a complete overview of all tested vari-

ants of our proposed hybrid CNN-CRF model on the stereo bench-
mark of KITTI 2015. We report the mean error (official error met-
ric percent of pixel with an error bigger 3 pixels) on the complete
design set. Table C.3 shows a performance overview of our mod-
els. In the last row of Table C.3 we apply our best performing
model on Middlebury to the Kitti design set. Interestingly, the
performance decreases only by ⇡ 1.5% on all pixels. This exper-
iment indicates, that our models generalize well to the scenes of
the Kitti benchmark.

Due to lack of space in the main paper, we could only show
a few qualitative results of the submitted method. In Fig. C.4 we
show additional results, more of which can be viewed online.

Looking at Kitti results in more detail, we observe that most of
the errors happen in either occluded regions or due to a fattened
ground-truth. Since we train edge-weights to courage label-jumps
at strong object boundaries, our model yields very sharp results. It
is these sharp edges in our solution which introduce some errors
on the benchmark, even when our prediction is correct. Fig. C.3
shows some examples on the test set (provided by the online sub-
mission system).



▪ We used the stereo model trained on the Middlebury dataset 
▪ Imperfect rectifications can be handled by a small minimum cost search 

orthogonal to the epipolar lines
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Stereo images

Practical application: depth reconstruction for road surface 
inspection 



Comparisons
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CENSUS

Input image
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CNN

Input image



Comparisons

30

CENSUS+CRF

Input image
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HDSM
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Training Unary CNN: Related Loss Functions

SVM Margin Rescaling

SVM with smooth min

Maximum Likelihood

Cross-Entropy

Forward KL divergence

softmax

log-sum-expmin

approaches hinge depending on scale

Predictor: x̂ 2 argmin

x

d(x; ✓)

Hinge loss: d(x⇤)�min
x

d(x)

margin

x

⇤

x̂

d(x

⇤
) + log

P
x

exp(�d(x))

Probabilistic model: p(x) = exp(�d(x))/

P
x

exp(�d(x))

� log p(x

⇤
)

�
P

x

p

⇤
(x) log p(x)

KL(p

⇤||p) =
P

x

p

⇤
(x) log
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Training Unary CNN: Related Loss Functions

2 candidate matches = triplet

Triplet Loss
Anchor

Positive

Hard Negative

u⇤

û

SVM Margin Rescaling

Predictor: x̂ 2 argmin

x

d(x; ✓)

Hinge loss: d(x⇤)�min
x

d(x)

min

x

d(�1
i

,�2
i+x

) - distance to hardest negative

Want: d(anchor, positive)  d(anchor, negative)

• Many related problems: 
• Image-based search, image retrieval 
• Matching patches for localization 
• etc.


