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Motivation

Challenges:
1. Limited Resources (no powerful GPUs).
2. Process images in real time.

Augmented Reality for Wearable Camera
Highlight Hands for better User Experience
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Abstract

State-of-the-art segmentation methods rely on very deep
networks that are not always easy to train without very large
training datasets and tend to be relatively slow to run on
standard GPUs. In this paper, we introduce a novel recur-
rent U-Net architecture that preserves the compactness of
the original U-Net [33], while substantially increasing its
performance to the point where it outperforms the state of
the art on several benchmarks. We will demonstrate its ef-
fectiveness for several tasks, including hand segmentation,
retina vessel segmentation, and road segmentation. We also
introduce a large-scale dataset for hand segmentation.

1. Introduction

While recent semantic segmentation methods achieve
impressive results [6, 17, 18, 46], they require very deep
networks and their architectures tend to focus on high-
resolution and large-scale datasets and to rely on pre-trained
backbones. For instance, state-of-the-art models, such as
Deeplab [5, 6], PSPnet [46] and RefineNet [17], use a
ResNet101 [15] as their backbone. This results in high
GPU memory usage and inference time, and makes them
less than ideal for operation in power-limited environments
where real-time performance is nevertheless required, such
as when segmenting hands using the onboard resources of
an Augmented Reality headset. This has been addressed by
architectures such as the ICNet [45] at the cost of a sub-
stantial performance drop. Perhaps even more importantly,
training very deep networks usually requires either massive
amounts of training data or image statistics close to that of
ImageNet [10], which may not be appropriate in fields such
as biomedical image segmentation where the more compact
U-Net architecture remains prevalent [33].

In this paper, we argue that these state-of-the-art meth-
ods do not naturally generalize to resource-constrained sit-
uations and introduce a novel recurrent U-Net architecture
that preserves the compactness of the original U-Net [33],
while substantially increasing its performance to the point
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Figure 1: Speed vs accuracy. Each circle represents the perfor-
mance of a model in terms frames-per-second and mIoU accuracy
on our Keyboard Hand Dataset using a Titan X (Pascal) GPU. The
radius of each circle denotes the models’ number of parameters.
For our recurrent approach, we plot these numbers after 1, 2, and
3 iterations, and we show the corresponding segmentations in the
bottom row. The performance of our approach is plotted in red
and the other acronyms are defined in Section 4.2. ICNet [45] is
slightly faster than us but at the cost of a significant accuracy drop,
whereas RefineNet [17] and DeepLab [6] are both slower and less
accurate on this dataset, presumably because there are not enough
training samples to learn their many parameters.

where it outperforms the current state of the art on 5 hand-
segmentation datasets, one of which is showcased in Fig. 1,
and a retina vessel segmentation one. With only 0.3 million
parameters, our model is much smaller than the ResNet101-
based DeepLabv3+ [6] and RefineNet [17], with 40 and
118 million weights, respectively. This helps explain why
we can outperform state-of-the-art networks on speclalized
tasks: The pre-trained ImageNet features are not neces-
sarily the best and training sets are not quite as large as
CityScapes [9]. As a result, the large networks tend to over-
fit and do not perform as well as compact models trained
from scratch.

The standard U-Net takes the image as input, processes
it, and directly returns an output. By contrast, our recurrent
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Intuition

When	we	observe	a	scene,	our	eyes	undergo	saccadic	movements
[Neuroscience.	2nd	edition],	and	we	accumulate	knowledge	about	the	scene	
and	continuously	refine	our	perception.

Mimic human Saccadic eye Movement
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Model Overview
Ours-DRU vs Others
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Model Backbone: U-Net

• Resource Constrained tasks:
• Limited computing resourceL e.g., VR Camera.
• Limited training dataL e.g., Biomedical Images.

• Main stream fast segmentation models:
• Multi-branchbased ones;

• Complex
• Careful Design

• U-Net based ones;
• Compact (lower risk of overfitting)
• Simple (do not require careful design)



Model Details

(a) Options Sketch
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Recurrent U-Net: DRU & SRU



Experiment

• Segmentation Tasks
• RetinaVessel
• Hand
• Road

Image Ground TruthT = 1 T = 2 T = 3

Recursive Refinement
Train with 3 Recurrences
Test with 3 Recurrences



Experiment
More Results of Hand
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Study of Hyper-Parameters & Other Architectures

• Hyperparameters:
• 1. Weight of loss at each recurrence.
• 2. Number of recurrences

• New Architectures:
• 1. VGG16 as Encoder
• 2. ResNet50 as Encoder



Hyper-parameter: The	impact	of	α	in	loss.	

Network Network NetworkInit�

L1 L2 L3

(0<α ≤ 1)
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Validating α for DRU(l=4). 

EYTH validation set 

α=0.4 has the best performance. 



Hyper-parameter: The	impact	of	Rec. Number	

Same Recurrence Number 
in the training and validation stage. 

EYTH validation set 

9 Recurrences lead to the best performance.

Question: Can we have different 
Recurrence Number for each image 
in the training and validation stage?  

EYTH Validation Set EYTH Test Set



Compare with more baselines w.r.t
Accuracy, Speed, Size.

(a) Frame per second (FPS)

m
Io

U

           Ours

                step 1 Rec-Simple 

                                Rec-Mid 
step 1 

Bubble size    #Param (Million) ∝
< 1M

~ 8M

~ 40M ~ 118M

Ground truthT=1 T=2 T=3Image

(b)

    

Rec-Last

Rec-Mid

DRU

Frame per second (FPS)

m
Io

U

     5.0

Bubble size    #Param (Million) ∝
< 1M

~ 8M
~ 40M

Hand segmentation Road segmentation



Other Architectures with Powerful Encoders

Conv2

Conv1

Conv3

Conv4

Conv5

Dec.h

Dec2

Conv

Dec3

Dec4

Dec5

Conv

(a) DRU-VGG16

Layer1

Conv(s=2)

Layer2

Layer3

Layer4

Conv.h

Dec1

Dec0

Dec2

Dec3

Dec4

(b) DRU-ResNet50

ImgPt-1

ResNet50VGG16
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Experiment



Experiment
Retina Vessel, Road, Cityscapes Segmentation

Retina Road

0.775DRU-VGG16

Cityscapes



Summary

• RecurrentU-Net refines predictions step by step.
• It is friendly to embedded systems with
• less parameters,
• high speed,
• lower risk of overfitting.

• It is easy to scale up for unconstrained settingswith more powerful
encoders.
• Two ongoingworks:
• 1. Improve performance: Remove the noise and redundancy in deep networks.
• 2. Virtual keyboard typing.



OngoingWork 1
• Problem:

• Big Network has more parameters,
but brings noise & redundancy.

• Solution:
• Build normalization layers (ZCA/PCA
normalization) to RemoveNoise &
Redundancy (correlation).

• Challenges:
• Need a numerically Stable
eigendecomposition layer in deep
networks.

• Our work:
• Use SVD in the forward pass.
• Use Power Iteration in the backward
pass (it has bounded gradients).

Backpropagation-Friendly Eigendecomposition

Wei Wang1, Zheng Dang2, Yinlin Hu1, Pascal Fua1, and Mathieu Salzmann1

1CVLab, EPFL, CH-1015 Lausanne, Switzerland {firstname.lastname}@epfl.ch
2Xi’an Jiaotong University, China {dangzheng713@stu.xjtu.edu.cn}

Abstract

Eigendecomposition (ED) is widely used in deep networks. However, the backprop-
agation of its results tends to be numerically unstable, whether using ED directly
or approximating it with the Power Iteration method, particularly when dealing
with large matrices. While this can be mitigated by partitioning the data in small
and arbitrary groups, doing so has no theoretical basis and makes its impossible to
exploit the power of ED to the full.
In this paper, we introduce a numerically stable and differentiable approach to
leveraging eigenvectors in deep networks. It can handle large matrices without
requiring to split them. We demonstrate the better robustness of our approach over
standard ED and PI for ZCA whitening, an alternative to batch normalization, and
for PCA denoising, which we introduce as a new normalization strategy for deep
networks, aiming to further denoise the network’s features.

1 Introduction

In recent years, Eigendecomposition (ED) has been incorporated in deep learning algorithms to
perform face recognition [1], PCA whitening [2], ZCA whitening [3], second-order pooling [4],
generative modeling [5], keypoint detection and matching [6–8], pose estimation [9], camera self-
calibration [10], and graph matching [11]. This requires backpropagating the loss through the ED,
which can be done but is often unstable. This is because, as shown in [4], the partial derivatives of an
ED-based loss depend on a matrix eK with elements

eKij =

⇢
1/(�i��j), i 6= j
0, i = j , (1)

where �i denotes the ith eigenvalue of the matrix being processed. Thus, when two eigenvalues are
very close, the partial derivatives become very large, causing arithmetic overflow.

The Power Iteration (PI) method [12] is one way around this problem. In its standard form, PI
relies on an iterative procedure to approximate the dominant eigenvector of a matrix starting from an
initial estimate of this vector. This has been successfully used for graph matching [11] and spectral
normalization in generative models [5], which only require the largest eigenvalue. In theory, PI can
be used in conjunction with a deflation procedure [13] to find all eigenvalues and eigenvectors. This
involves computing the dominant eigenvector, removing the projection of the input matrix on this
vector, and iterating. Unfortunately, two eigenvalues being close to each other or one being close to
zero can trigger large round-off errors that eventually accumulate and result in inaccurate eigenvector
estimates. The results are also sensitive to the number of iterations and to how the vector is initialized
at the start of each deflation step. Finally, the convergence speed decreases significantly when the
ratio between the dominant eigenvalue and others becomes close to one.

In short, both SVD [4] and PI [11] are unsuitable for use in a deep network that requires the
computation of gradients to perform back-propagation. This is particularly true when dealing with
large matrices for which the chances of two eigenvalues being almost equal is larger than for small

33rd Conference on Neural Information Processing Systems (NeurIPS 2019), Vancouver, Canada.

Partially Done!

1. Can not compute full rank eigenvectors.
2. Forward pass is slow for large matrices whose dim>=128.
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• Virtual Keyboard Typing.
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