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< How transferable are features in deep neural networks? (NeurlPS, 2014)
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How transferable are features in deep neural
networks?

Jason Yosinski,! Jelf Clune,” Yoshua Bun.giu,:‘ and Hod Lipﬁun’
! Dept. Computer Science, Cornell University
? Dept. Computer Science, University of Wyoming
4 Dept. Computer Science & Operations Research, University of Montreal
* Dept. Mechanical & Aerospace Engineering, Comell University

Abstract

Many deep neural networks trained on natural images exhibit a curious phe-
nomenon in common: on the first layer they leam features similar to Gabor filters
and color blobs. Such first-layer features appear not to be specific to a particular
dataset or task. but general in that they are applicable to many datasets and tasks.
Features must eventually transition from general to specific by the last layer of
the network, but this transition has not been studied extensively. In this paper we
experimentally quantify the generality versus specificity of neurons in each layer
of a deep convelutional neural network and report a few surprising results. Trans-
ferability is negatively affected by two distinct issues: (1) the specialization of
higher layer neurons to their ongial task at the expense of performance on the
target task, which was expected. and (2) optimization difficulties related to split-
ting networks between co-adapted neurons, which was not expected. In an exam-
ple network trained on ImageNet, we demonstrate that either of these two issues
may dominate, depending on whether features are transferred from the bottom,
middle, or top of the network. We also document that the transferability of fea-
tures decreases as the distance between the base task and target task increases, but
that transferring features even from distant tasks can be better than using random
features. A final surprising result is that initializing a network with transferred
features from almost any number of layers can produce a boost to generalization
that lingers even after fine-tuning to the target dataset.
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% How transferable are features in deep neural networks? (NeurlPS, 2014)
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** Feature-Based Strategy
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% Feature-Based Strategy: (1) Discrepancy-Based Approach
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% Feature-Based Strategy: (1) Discrepancy-Based Approach
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% Feature-Based Strategy: (1) Discrepancy-Based Approach
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Deep Domain Confusion: Maximizing for Domain Invariance (arXiv, 2014)
« 20224108 7 [F 20583 21
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Deep Domain Confusion: Maximizing for Domain Invariance

Eric Tzeng, Judy Hoffman, Ning Zhang Kate Saenko Trevor Darrell
UC Berkeley, EECS & ICSI UMass Lowell, CS UC Berkeley, EECS & ICSI
{etzeng, jhoffman, nzhang}@eecs.berkeley.edu saenko@cs.uml . edu trevorl@eecs.berkeley.edu
Abstract

classification domain
loss

Recent reports suggest that a generic supervised deep
CNN model trained on a large-scale dataset reduces, but
does not remove, dataset bias on a standard benchmark.
Fine-tuning deep models in a new domain can require a
significant amount of data, which for many applications is
simply not available. We propose a new CNN architecture L
which introduces an adaptation layer and an additional do-
main confusion loss, to learn a representation that is both
semantically meaningful and domain invariant. We addi-
tionally show that a domain confusion metric can be used
for model selection to determine the dimension of an adap-
tation layer and the best position for the layer in the CNN
architecture. Our proposed adaptation method offers em-
pirical performance which exceeds previously published re-
sults on a standard benchmark visual domain adaptation
task.
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% Deep Domain Confusion: Maximizing for Domain Invariance (arXiv, 2014)
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Abstract

Adversarial learning methods are a promising approach
ta training robust deep networks, and can generate complex
samples across diverse domains. They can also improve
recognition despite the presence of domain shift or dataset
bias: recent adversarial approaches to unsupervised domain
adaptation reduce the difference berween the training and
test domain distributions and thus improve generalization
performance. However, while genervative adversarial ner-
works (GANs ) show compelling visualizations, they are not
aptimal on discriminative tasks and can be limited to smaller
shifts. On the other hand, discriminative approaches can
handle larger domain shifts, but impose tied weights on the
madel and do not exploit a GAN-based loss. In this work,
we first outline a novel generalized framework for adver-
sarial adaptation, which subsumes recent state-of-the-art
approaches as special cases, and use this generalized view
tor better relate prior apy hes. We then propose a previ-
ously unexplored instance of our general framework which
combines discriminative modeling, untied weight sharing,
and a GAN loss, which we call Adversarial Discriminative
Domain Adapration (ADDA ). We show that ADDA is more
effective yet considerably simpler than competing domain-
adversarial methods, and demonstrate the promise of our
approach by exceeding state-of-the-art unsupervised adapta-
tion results on standard domain adaptation tasks as well as
a difficult cross-maodality object classification task.

Judy Hoffman
Stanford University
jhoffmanl@es.stanford.edn

Trevor Darrell
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trevorfeecs.berkeley.edu

domain discriminator

v

Figure I: We propose an improved unsupervised domain
adaptation method that combines adversarial leaming with
discriminative feature learning. Specifically, we learn a dis-
criminative mapping of target images to the source feature
space (target encoder) by fooling a domain discriminator that
tries to distinguish the encoded target images from source
examples.
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