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When  PX(train) ≠ PX(test)
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PX(train) ≠ PX(test)

• In which scenarios?
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PX(train) ≠ PX(test)

In which scenarios?

1. Classes are severely unbalanced

2. Learning from positive examples only

3. Semi-supervised learning

4. Active learning
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Outline

1. Classes severely unbalanced

2. Learning from positive examples only

3. Semi-supervised learning

4. Active learning

5. Domain adaptation

6. Tracking
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Illustrations

• Rare pathologies

• Anomaly detection

• Fraud

• Rare species 

– E.g. Pl@ntNet: 46,000 species, but only ~1000 well represented
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Remedies
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Remedies

• If enough data 

– undersample the over-represented classes
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Remedies

• If enough data 
– undersample the over-represented classes

• If not enough data
– oversample the under-represented classes

• Create noisy clones of the data points

• Create new data points generated by well chosen transformations
– E.g. respecting invariances (E.g. translations, rotations, change of luminosity, …)

• Modify the loss function
– Penalize more the errors on the under-represented class
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Outline

1. Classes severely unbalanced
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3. Semi-supervised learning
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Scenarios for learning from positive examples only

• ???
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Scenarios for learning from positive examples only

• Collaborative science
– Biodiversity

– E.g.  Pl@ntNet
• The users take pictures of plants: positive examples
• That does not say: “these other plants were not present”

• Medicine

– Reports of subjects with some disease does not say 
how many and which ones do not have the disease

• Adds on web pages

– Pages that have not been visited are not necessarily 
uninteresting
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Scenarios for learning from positive examples only

• In general

– Detecting absence can be more difficult 

than detecting presence

Possibly lots of 
false negative
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The fully observable case

• We look for a hypothesis
where L is the number of possible 
classes (labels)

• We want to minimize the risk
with loss function
(e.g. binary cross-entropy)

• Given a dataset 
we want to find a hypothesis that 
minimizes the empirical risk
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The partially observable case

• We look for a hypothesis

• During training, we observe

where

and only one  

• Given a dataset 

we want to find a hypothesis that 

minimizes the empirical risk
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Approach “assume unobserved are negative”
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Approach “assume unobserved are negative” + smoothing

<latexit sha1_base64="P0zrMPUiuOll+9uDF7Y+JJWRJXk="></latexit>
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Intuitively 

• But by how much?

• In the case of “assume 
unobserved = negative”

<latexit sha1_base64="JhyQ3Qq3FQjAz7/FuDDAkVn+wrM="></latexit>
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Intuitively 

• But by how much?

• In the case of “assume 
unobserved = negative”
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COLE, Elijah, MAC AODHA, Oisin, LORIEUL, Titouan, et al. Multi-label learning from single positive labels. 
In : Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2021. p. 933-
942.

With 20 times fewer labeled examples, the performance is not 
that bad on this dataset compared to the fully observable case
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Lessons

1. Fomalize the assumptions about your problem

– The labelling process

– The type of target (and hypothesis) function

2. Design a loss function appropriate for the problem

– Able to explore efficiently the hypothesis space 
and to find a good minimum of the empirical risk

3. Design a good evaluation scheme
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Learning from positive examples only: lots of approaches

• Approaches 

– Assume that the missing labels are negative

– Ignore the missing labels

– Perform label matrix reconstruction

– Learn label correlations

– Learn generative probabilistic models

– Train label cleaning networks

– Related to learning with label noise
• Here, some unobserved labels are incorrectly treated as being absent

– Related to learning from a set of positive examples
and a set of unlabeled ones    (PU learning)
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Outline

1. Classes severely unbalanced

2. Learning from positive examples only

3. Semi-supervised learning

4. Active learning

5. Domain adaptation

6. Tracking
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The idea

…
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Semi-supervised learning

• Unsupervised learning

• Supervised learning

<latexit sha1_base64="WPI2xAxrjeBWkQi6TOVweIZLUrY="></latexit>
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Semi-supervised learning

• Unsupervised learning

• Supervised learning

When can unsupervised learning help supervised learning? 

<latexit sha1_base64="WPI2xAxrjeBWkQi6TOVweIZLUrY="></latexit>
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Semi-supervised learning

The underlying main idea:

The decision function (hypothesis h) should not cut 

through high density regions
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Semi-supervised learning

Simplest approach

1. Compute a clustering of the all data (labeled and unlabeled)

2. For each cluster, assign its class to the majority vote of the 
labeled examples that belong to it
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Semi-supervised learning

Self-training approach

1. Given                                          and 

2. Train on SL to obtain h1

3. Apply h1 to SU

4. Remove a set of unlabeled data from SU and add 

them to SL (the one where h(x) is the more confident)

with the label h(x) 

5. Go to 2 and repeat until convergence

<latexit sha1_base64="8vtRw5bRf9rqYsLC43gnIzcJoSE="></latexit>
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Semi-supervised learning

• Idea: endow unlabeled data with pseudo-labels
(the likeliest class at time t)

• Train with the empirical risk:

Crucial to set a(t) with great care 

[Dong-Hyun Lee (2013) “Pseudo-Label : The Simple and Efficient Semi-Supervised Learning Method for Deep 
Neural Networks”, ICML-2013]
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Semi-supervised learning

Transductive SVM approach

Outlook: Semi-supervised SVM

Find a boundary that can 
provide the largest 
margin and least error

Enumerate all 
possible labels for 
the unlabeled data

Thorsten Joachims, ”Transductive Inference for Text 
Classification using Support Vector Machines”, ICML, 1999
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Semi-supervised learning

Entropy regularization  approach
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• You have to make assumptions about what you think is 
reasonable as a bias

– E.g. that classes are separated by low density regions

• Then, you show that if the assumption is met by Nature, then 
you find a correct hypothesis
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A remark on semi-supervised learning

• Could be regarded as transductive learning where 

one wants to label unlabeled training instances
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Transductive learning

• I know in advance where I will be queried

x

y

!
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Transductive learning

• "When solving a problem of interest, do not solve a more general 

problem as an intermediate step. 

Try to get the answer that you really need but not a more general 

one.”

       (Vapnik, 1995)
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Semi supervised learning with transductive learning

• Graph-Based labelling

Then learn a hypothesis on 
the new training set
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Outline

1. Classes severely unbalanced

2. Learning from positive examples only

3. Semi-supervised learning

4. Active learning

5. Domain adaptation

6. Tracking
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Active learning

• When the learner can actively ask for pieces of information

– Labels of selected examples

– Values of some selected descriptors
• E.g. ask for a medical examination

• Examples

– MasterMind

– Scientific activity
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Active learning

• When the learner can actively ask for pieces of information
– Labels of selected examples

– Values of some selected descriptors
• E.g. ask for a medical examination

• The hope
– Need of less (costly) examples 

– Having a faster convergence rate 
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RRéel(h) ⇥ REmp(h) +

log |H|+ log 1
�

m

�
> 1� �



43 / 97

Active learning

How to find the best threshold from querying points?

• By random selection of points

• By active selection

Intro Constructives Sélectives Exemple Approches

Un exemple
Distribution uniforme sur intervalle [0,1]

Tirage au hasard des points : m = O( 1
" log 1

" )

Sélection active : m = O(log 1
" )

Amélioration exponentielle en terme d’échantillonnage !!
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Much faster!
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Active learning

• Two main approaches

– “Constructive” approach

• The learner constructs queries

– ”Selective” (pool-based) approach

• The learner selects points among the unsupervised ones

Why is the constructive approach sometimes not applicable? 
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How to select the examples?   (some ideas)

• The more informative examples 

1. The ones where the confidence of the current hypothesis is the lowest

• Measured by a probability

• Measured by distance to the decision function

2. Learn an ensemble of hypotheses and select the examples where they 
disagree the most

<latexit sha1_base64="lD6ElBNq+SkgaCu3BZt6Wmv9KJY="></latexit>
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Illustration

…
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Active Learning

• What is the danger?



48 / 97

Active Learning

• What is the danger?

– No more theoretical guarantees

Does not make sense anymore!!

– Why? 

⌅h ⇤ H,⌅� ⇥ 1 : Pm
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Active learning: lessons

• Active learning is not much used in practice

1. Costly to identify informative examples

2. Risk of ignoring important regions of X

• Interesting: learning under budget constraints

– What measurements should I made under some budget constraints?
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Outline

1. Classes severely unbalanced

2. Learning from positive examples only
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4. Active learning

5. Domain adaptation

6. Tracking
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Different types of transfers

• Domain adaptation

– XS = XT and YS = YT

– but different distributions PX

• Concept shift

– XS = XT and YS = YT

– but different distributions PY|X

• Transfer learning

– XS ≠ XT and/or YS ≠ YT
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Domain adaptation

• Covariate shift

– We assume   XS = XT (same input space)
Domain Shift

A classifier trained on one domain may perform poorly on another domain

5

Training data Test data

Source domain Target domain
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• Covariate shift       (suppose same input size and resolution)

Domain Adaptation: Other Scenarios

9

Synthetic (source domain)

Real (target domain)

Domain Adaptation: Other Scenarios
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Synthetic (source domain)

Real (target domain)

Domain Adaptation: Other Scenarios

9

Synthetic (source domain)

Real (target domain)

Source domain (simulated images) Target domain (real images)
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Concept shifts: illustrations

• Spam filtering

– Not the same user:      PY|X may differ

• E.g. for me conference announcements are important, 
but could be an annoyance to someone else

• Changes in the tastes or expectations of the consumers 

• Changes in medicine

– E.g. the prevalence of flu differs from one season to another  (PX)

– But this is still flu (PY|X)
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Types of Domain Adaptation

• Semi-supervised DA  (SSDA)

– Some labeled target data, but not enough to train from it

– Lots of unlabeled data

• Unsupervised DA        (UDA)

– No labeled target data

• Source-free DA  (SFDA)

– No source data (e.g. because of privacy concerns)

– Only the source hypothesis hS

– And a few labeled target data
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Covariate shift

• Difference in the PX distribution between source and target 

domains: 
<latexit sha1_base64="y8/ov+Wy5EkZos9WOxdyfuCvR0o="></latexit>

PS
X 6= PT

X

Domain Shift

• The domain shift is defined as a difference in the distribution of the 
source and target samples

13
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How to approach the problem

?
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How to approach the problem

• Very active research area

– Because of the numerous applications

• Lots of (heuristical) approaches
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(Some) families of approaches

• Change the source distribution

1. Reweight the source data

2. Iteratively self-label the target data, and retrain

• Search for a common description subspace

– Where the source hypothesis works well on the projected source data

– And hope that it will work as well on the projected target data
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DA by reweighting source data

• Here, a regression task
225Examples of Covariate ShiftExamples of Covariate Shift

(Weak) extrapolation: 
Predict output values outside training region

Training samples

Test samples
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First analysis

A first analysis

RPT (h) = E
(xt ,yt)�PT

I
�
h(xt) �= y t

⇥

(LaHC) Domain Adaptation - EPAT’14 32 / 95
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First analysis

Covariate shift [Shimodaira,’00]

� Assume similar tasks, PS(y |x) = PT (y |x), then:
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Principle

• Law of large numbers

– Sample averages converge to the population mean

– But how to estimate ?
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Importance weighting

• A naïve estimation of does not work

– Estimation density is too crude in high dimension space (and with few 
known testing instances)

• Idea of Sugiyama:

– Learn a parametric model of 

and

See [Sugiyama, Masashi, et al. "Direct importance estimation with model selection and its application to covariate 
shift adaptation." Advances in neural information processing systems 20 (2007)]
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Covariate shift in regression
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Covariate shift in classification
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The reweighting approach

Gretton, A., Borgwardt, K. M., Rasch, M. J., Schölkopf, B., & Smola, A. (2012). A kernel 
two-sample test. The Journal of Machine Learning Research, 13(1), 723-773.

Sample Reweighting/Selection

• Gretton et al., JRSS 2012: Sample reweighting

29

MMD

Bound on the weights

Encourage the weights 
to define a probability 
distribution
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The reweighting approach

• … à la Fugiyama

– Complex approach

– Not easy to implement
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Search for a common description space

• The idea

Transformation Learning

• Learn a mapping to a latent space where the distributions are similar

32

• The hope

– If the source hypothesis works well on the projected source data

– Then (?) it should/could work as well on the projected target data



73 / 97

Illustration by two algorithms

… among MANy others

1. Subspace alignment

2. Deep NNs
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Subspace alignment algorithm

• Optimizing a (linear) mapping function that transforms the 
source subspace into the target one

– Assumption: both source and target input spaces are D-dimensional

1. Transform every source and target data in the form of a 𝐷-dimensional 
z-normalized vector (i.e. of zero mean and unit standard deviation) 

2. Using PCA, select for each domain d eigenvectors (corresponding to the 
largest eigenvalues)

3. These eigenvectors are used as bases of the source and target 
subspaces, respectively denoted by 𝑋𝑆 and 𝑋𝑇 (𝑋𝑆, 𝑋𝑇 ∈ R𝐷×𝑑). 

4. Realize the subspaces alignment
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• Alignment of the basis vectors using a transformation matrix M
from XS to XT

<latexit sha1_base64="5hE8Z0rckZ382TQi0RGRlXxeoLo="></latexit>

F (M) = ||XSM � XT ||2F
<latexit sha1_base64="rez3x3tvWIAOCxoKsFb5EFenyWw="></latexit>

M? = Argmin
M

�
F (M)

 
Frobenius norm

A simpler approach - Subspace alignment [Fernando et
al.,ICCV’13]

Move closer PCA-based representations

Totally unsupervised

(LaHC) Domain Adaptation - EPAT’14 61 / 95
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Subspace alignment algorithm

Algorithm 1: Subspace alignment DA algorithm
Data: Source data S , Target data T , Source labels YS , Subspace dimension d
Result: Predicted target labels YT

S1  PCA(S , d) (source subspace defined by the first d eigenvectors) ;
S2  PCA(T , d) (target subspace defined by the first d eigenvectors);
Xa  S1S1

0
S2 (operator for aligning the source subspace to the target

one);
Sa = SXa (new source data in the aligned space);
TT = TS2 (new target data in the aligned space);
YT  Classifier(Sa,TT ,YS) ;

M
⇤ = S1

0
S2 corresponds to the “subspace alignment matrix”:

M
⇤ = argminM kS1M� S2k

Xa = S1S1
0
S2 = S1M

⇤ projects the source data to the target
subspace

A natural similarity: Sim(xs , xt) = xsS1M
⇤
S1

0
x
0
t = xsAx

0
t
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Subspace alignment: empirical results

…

Some results

Adaptation from O�ce/Caltech-10 datasets (four domains to
adapt) is used as source and one as target
Comparisons

Baseline 1: projection on the source subspace
Baseline 2: projection on the target subspace
2 related methods : GFK [Gong et al., CVPR’12] and GFS [Gopalan et
al.,ICCV’11]

(LaHC) Domain Adaptation - EPAT’14 63 / 95
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Subspace alignment: empirical results

Recognition accuracy 
using a SVM classifier

Figure 2. Finding a stable solution and a subspace dimensionality
using the consistency theorem.

Method NA Baseline 1 Baseline 2 GFK OUR
TDAS 1.25 3.34 2.74 2.84 4.26
HΔH 98.1 99.0 99.0 74.3 53.2

Table 1. Several distribution discrepancy measures averaged over
12 DA problems using Office dataset.

pared to the other baselines (highest TDAS value and low-
est !Δ! measure). Both GFK and our method have lower
!Δ! values meaning that these methods are more likely
to perform well2.

4.5. Classification Results

Visual domain adaptation performance with Of-
fice/Caltech10 datasets: In this experiment we evaluate the
different methods using Office [14]/Caltech10 [8] datasets
which consist of four domains (A, C, D and W). The re-
sults for the 12 DA problems in the unsupervised setting
using a NN classifier are shown in Table 2. In 9 out of the
12 DA problems our method outperforms the other ones.
The results obtained in the semi-supervised DA setting (see
supplementary material) confirm this behavior. Here our
method outperforms the others in 10 DA problems.

The results obtained with a SVM classifier in the unsu-
pervised DA case are shown in Table 3. Our method out-
performs all the other methods in 11 DA problems. These
results indicate that our method works better than other DA
methods not only for NN-like local classifiers but also with
more global SVM classifiers.

Domain adaptation on ImageNet, LabelMe and
Caltech-256 datasets : Results obtained for unsupervised
DA using NN classifiers are shown in Table 4. First, we can
remark that all the other DA methods achieve poor accu-
racy when LabelMe images are used as the source domain,
while our method seems to adapt the source to the target
reasonably well. On average, our method significantly out-
performs all other DA methods.

A visual example where we classify ImageNet images

2See section 1.4 of supplementary material for more details.

Method C→A D→A W→A A→C D→C W→C

NA 21.5 26.9 20.8 22.8 24.8 16.4
Baseline 1 38.0 29.8 35.5 30.9 29.6 31.3
Baseline 2 40.5 33.0 38.0 33.3 31.2 31.9
GFS [8] 36.9 32 27.5 35.3 29.4 21.7
GFK [7] 36.9 32.5 31.1 35.6 29.8 27.2

OUR 39.0 38.0 37.4 35.3 32.4 32.3
Method A→D C→D W→D A→W C→W D→W

NA 22.4 21.7 40.5 23.3 20.0 53.0
Baseline 1 34.6 37.4 71.8 35.1 33.5 74.0
Baseline 2 34.7 36.4 72.9 36.8 34.4 78.4
GFS [8] 30.7 32.6 54.3 31.0 30.6 66.0
GFK [7] 35.2 35.2 70.6 34.4 33.7 74.9

OUR 37.6 39.6 80.3 38.6 36.8 83.6
Table 2. Recognition accuracy with unsupervised DA using a NN
classifier (Office dataset + Caltech10).

Method C→A D→A W→A A→C D→C W→C

Baseline 1 44.3 36.8 32.9 36.8 29.6 24.9
Baseline 2 44.5 38.6 34.2 37.3 31.6 28.4

GFK 44.8 37.9 37.1 38.3 31.4 29.1
OUR 46.1 42.0 39.3 39.9 35.0 31.8

Method A→D C→D W→D A→W C→W D→W

Baseline 1 36.1 38.9 73.6 42.5 34.6 75.4
Baseline 2 32.5 35.3 73.6 37.3 34.2 80.5

GFK 37.9 36.1 74.6 39.8 34.9 79.1
OUR 38.8 39.4 77.9 39.6 38.9 82.3

Table 3. Recognition accuracy with unsupervised DA using a SVM
classifier(Office dataset + Caltech10).

Method L→C L→I C→L C→I I→L I→C AVG

NA 46.0 38.4 29.5 31.3 36.9 45.5 37.9
Baseline1 24.2 27.2 46.9 41.8 35.7 33.8 34.9
Baseline2 24.6 27.4 47.0 42.0 35.6 33.8 35.0

GFK 24.2 26.8 44.9 40.7 35.1 33.8 34.3
OUR 49.1 41.2 47.0 39.1 39.4 54.5 45.0

Table 4. Recognition accuracy with unsupervised DA with NN
classifier (ImageNet (I), LabelMe (L) and Caltech-256 (C)).

using Caltech-256 images is shown in Figure 1. The near-
est neighbor coming from Caltech-256 corresponds to the
same class, even though the appearance of images are very
different from the two datasets.

In Table 5 we report results using a SVM classifier for
the unsupervised DA setting. In this case our method out-
performs all other DA methods, confirming the good behav-
ior of our approach.

Classifying PASCAL-VOC-2007 images using classi-
fiers built on ImageNet : In this experiment, we compare
the average precision obtained on PASCAL-VOC-2007 by
a SVM classifier in both unsupervised and semi-supervised
DA settings. We use ImageNet as the source domain and
PASCAL-VOC-2007 as the target domain. The results are
shown in Figure 3 for the unsupervised case and in the sup-
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[Fernando, B., Habrard, A., Sebban, M., & Tuytelaars, T. (2013). Unsupervised visual domain adaptation using 
subspace alignment. In Proceedings of the IEEE international conference on computer vision (pp. 2960-2967).]

Remark2: not that impressive!

Remark1: not symmetrical!

determine which dataset(s) would give us the best perfor-
mance on the target domain?

To answer this question, we introduce a Rank of Domain
(ROD) metric that integrates two sets of information: ge-
ometrically, the alignment between subspaces, and statisti-
cally, KL divergences between data distributions once they
are projected into the subspaces.

We sketch the main idea in the following; the detailed
derivation is described in the Supplementary. Given a pair
of domains, computing ROD involves 3 steps: i) determine
the optimal dimensionality d⇤ for the subspaces (as in sec-
tion 3.4); ii) at each dimension i  d⇤, approximate the data
distributions of the two domains with two one-dimensional
Gaussians and then compute the symmetrized KL diver-
gences between them; iii) compute the KL-divergence
weighted average of principal angles, namely,

R(S, T ) =
1

d⇤

d⇤X

i

✓i [KL(SikTi) +KL(TikSi)] . (9)

Si and Ti are the two above-mentioned Gaussian distribu-
tions; they are estimated from data projected onto the prin-
cipal vectors (associated with the i-th principal angle).

A pair of domains with smaller values of R(S, T ) are
more likely to adapt well: the two domains are both geomet-
rically well-aligned (small principal angles) and similarly
distributed (small KL divergences). Empirically, when we
use the metric to rank various datasets as source domains,
we find the ranking correlates well with their relative per-
formance improvements on the target domain.

4. Experiments

We evaluate our methods in the context of object recog-
nition. We first compare our geodesic-flow kernel method
to baselines and other domain adaptation methods [25, 14].
We then report results that validate our automatic procedure
of selecting the optimal dimensionality of subspaces (sec-
tion 3.4). Next we report results to demonstrate our Rank of
Domain (ROD) metric predicts well which source domain is
more suitable for domain adaptation. At last, we re-examine
the dataset bias problem, recently studied in [27], from the
perspective of “ease of adaptability”.

4.1. Setup

Our experiments use the three datasets which were stud-
ied in [25]: Amazon (images downloaded from online mer-
chants), Webcam (low-resolution images by a web camera),
and DSLR (high-resolution images by a digital SLR cam-
era). Additionally, to validate the proposed methods on
a wide range of datasets, we added Caltech-256 [15] as a
fourth dataset. We regard each dataset as a domain.

We extracted 10 classes common to all four datasets:
BACKPACK, TOURING-BIKE, CALCULATOR, HEAD-

Caltech-256                                                Amazon

   DSLR                                                     Webcam

Figure 2. Example images from the MONITOR category in Caltech-
256, Amazon, DSLR, and Webcam. Caltech and Amazon images
are mostly from online merchants, while DSLR and Webcam im-
ages are from offices. (Best viewed in color.)

PHONES, COMPUTER-KEYBOARD, LAPTOP-101,
COMPUTER-MONITOR, COMPUTER-MOUSE, COFFEE-
MUG, AND VIDEO-PROJECTOR. There are 8 to 151
samples per category per domain, and 2533 images in total.
Fig. 2 highlights the differences among these domains with
example images from the category of MONITOR.

We report in the main text our results on the 10 common
classes. Moreover, we report in the Supplementary our re-
sults on 31 categories common to Amazon, Webcam and
DSLR, to compare directly to published results [25, 20, 14].
Our results on either the 10 or 31 common classes demon-
strate the same trend that the proposed methods signifi-
cantly outperform existing approaches.

We follow similar feature extraction and experiment pro-
tocols used in previous work. Briefly, we use SURF features
[1] and encode the images with 800-bin histograms with the
codebook trained from a subset of Amazon images. The
histograms are normalized first and then z-scored to have
zero mean and unit standard deviation in each dimension.
For each pair of source and target domains, we conduct ex-
periments in 20 random trials. In each trial, we randomly
sample labeled data in the source domain as training ex-
amples, and unlabeled data in the target domain as testing
examples. In semi-supervised domain adaptation, we also
sample a small number of images from the target domain
to augment the training set. More details on how data are
split are given in the Supplementary. We report averaged
accuracies on target domains as well as standard errors.

1-nearest neighbor is used as our classifier as it does not
require cross-validating parameters. For our algorithms, the
dimensionality of subspaces are selected according to the
criterion in section 3.4. For methods we compare to, we use
what is recommended in the published work.

4.2. Results on unsupervised adaptation

Our baseline is OrigFeat, where we use original fea-
tures, ie., without learning a new representation for adap-
tation. Other types of baselines are reported in the Suppl.

For our methods, we use two types of subspaces for the
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Unsupervised Domain Adaptation with deep NNs

Mono-task
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• Applying source classifier to target domain can 
yield inferior performance…
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How to adapt a deep network?
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Unsupervised Domain Adaptation with deep NNs

From [https://ece.engin.umich.edu/wp-content/uploads/2019/09/4142.pdf]
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• Fine tune?  
…..Zero or few labels in target domain

• Siamese network?
…..No paired / aligned instance examples!

How to adapt a deep network?
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data

same

bike

IDEA: align feature 
distributions
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Unsupervised Domain Adaptation with deep NNs

From [https://ece.engin.umich.edu/wp-content/uploads/2019/09/4142.pdf]

Several approachesDeep distribution alignment

17
Y. Ganin and V. Lempitsky ICML 2015

M. Long, et al. ICML 2015Maximum Mean Discrepancy 

E. Tzeng et al. ICCV 2015Domain Confusion Reverse Gradient

Sun and Saenko, AAAI 2016CORrelation ALignment

• by minimizing distance between distributions, e.g.

• …or by adversarial domain alignment, e.g.
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Unsupervised Domain Adaptation with deep NNs

From [https://ece.engin.umich.edu/wp-content/uploads/2019/09/4142.pdf]

Adversarial domain adaptation

Adversarial networks

P

Q

P

Q



83 / 97

Unsupervised Domain Adaptation with deep NNs

From [https://ece.engin.umich.edu/wp-content/uploads/2019/09/4142.pdf]
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Unsupervised Domain Adaptation with deep NNs

From [https://ece.engin.umich.edu/wp-content/uploads/2019/09/4142.pdf]

Adversarial domain adaptation
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Unsupervised Domain Adaptation with deep NNs

Adversarial domain adaptation

Tzeng, E., Hoffman, J., Saenko, K., & Darrell, T. (2017). Adversarial discriminative domain adaptation. 
In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 7167-7176).
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Figure 3: An overview of our proposed Adversarial Discriminative Domain Adaptation (ADDA) approach. We first pre-train
a source encoder CNN using labeled source image examples. Next, we perform adversarial adaptation by learning a target
encoder CNN such that a discriminator that sees encoded source and target examples cannot reliably predict their domain
label. During testing, target images are mapped with the target encoder to the shared feature space and classified by the source
classifier. Dashed lines indicate fixed network parameters.

by optimizing Lcls over Ms and C by training using the
labeled source data, Xs and Ys. Because we have opted to
leave Ms fixed while learning Mt, we can thus optimize
LadvD and LadvM without revisiting the first objective term.
A summary of this entire training process is provided in
Figure 3.

We note that the unified framework presented in the previ-
ous section has enabled us to compare prior domain adversar-
ial methods and make informed decisions about the different
factors of variation. Through this framework we are able
to motivate a novel domain adaptation method, ADDA, and
offer insight into our design decisions. In the next section we
demonstrate promising results on unsupervised adaptation
benchmark tasks, studying adaptation across visual domains
and across modalities.

5. Experiments

We now evaluate ADDA for unsupervised classification
adaptation across three different adaptation settings. We ex-
plore three digits datasets of varying difficulty: MNIST [21],
USPS, and SVHN [22]. We additionally evaluate on the
NYUD [23] dataset to study adaptation across modalities.
Finally, we evaluate on the standard Office [24] dataset for
comparison against previous work. Example images from
all experimental datasets are provided in Figure 4.

For the case of digit adaptation, we compare against mul-
tiple state-of-the-art unsupervised adaptation methods, all
based upon domain adversarial learning objectives. In 3 of
4 of our experimental setups, our method outperforms all
competing approaches, and in the last domain shift studied,
our approach outperforms all but one competing approach.
We also validate our model on a real-world modality adap-
tation task using the NYU depth dataset. Despite a large
domain shift between the RGB and depth modalities, ADDA

learns a useful depth representation without any labeled
depth data and improves over the nonadaptive baseline by
over 50% (relative). Finally, on the standard Office dataset,
we demonstrate ADDA’s effectiveness by showing convinc-
ing improvements over competing approaches, especially on
the hardest domain shift.

5.1. MNIST, USPS, and SVHN digits datasets

We experimentally validate our proposed method in an un-
supervised adaptation task between the MNIST [21], USPS,
and SVHN [22] digits datasets, which consist 10 classes of
digits. Example images from each dataset are visualized in
Figure 4 and Table 2. For adaptation between MNIST and
USPS, we follow the training protocol established in [25],
sampling 2000 images from MNIST and 1800 from USPS.
For adaptation between SVHN and MNIST, we use the full
training sets for comparison against [19]. All experiments
are performed in the unsupervised settings, where labels in
the target domain are withheld, and we consider adaptation
in three directions: MNIST→USPS, USPS→MNIST, and
SVHN→MNIST.

For these experiments, we use the simple modified LeNet
architecture provided in the Caffe source code [21, 26].
When training with ADDA, our adversarial discriminator
consists of 3 fully connected layers: two layers with 500
hidden units followed by the final discriminator output. Each
of the 500-unit layers uses a ReLU activation function. Opti-
mization proceeds using the Adam optimizer [27] for 10,000
iterations with a learning rate of 0.0002, a β1 of 0.5, a β2 of
0.999, and a batch size of 256 images (128 per domain). All
training images are converted to greyscale, and rescaled to
28×28 pixels.

Results of our experiment are provided in Table 2. On the
easier MNIST and USPS shifts ADDA achieves comparable
performance to the current state-of-the-art, CoGANs [13],

7172

…
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Unsupervised Domain Adaptation with deep NNs

From [https://ece.engin.umich.edu/wp-content/uploads/2019/09/4142.pdf]

Adversarial domain adaptation

ADDA: Adaptation on digits (in submission)RGB
MNIST

USPS

SVHN

Digits adaptation Cross-modality adaptation
(NYUD)

HHA

Amazon

DSLR

Webcam

Office adaptation

Figure 4: We evaluate ADDA on unsupervised adaptation across seven domain shifts in three different settings. The first
setting is adaptation between the MNIST, USPS, and SVHN datasets (left). The second setting is a challenging cross-modality
adaptation task between RGB and depth modalities from the NYU depth dataset (center). The third setting is adaptation on the
standard Office adaptation dataset between the Amazon, DSLR, and Webcam domains (right).

MNIST → USPS USPS → MNIST SVHN → MNIST

Method → → →

Source only 0.752± 0.016 0.571± 0.017 0.601± 0.011
Gradient reversal 0.771± 0.018 0.730± 0.020 0.739 [19]
Domain confusion 0.791± 0.005 0.665± 0.033 0.681± 0.003
CoGAN 0.912± 0.008 0.891± 0.008 did not converge
ADDA (Ours) 0.894± 0.002 0.901± 0.008 0.760± 0.018

Table 2: Experimental results on unsupervised adaptation among MNIST, USPS, and SVHN.

despite being a considerably simpler model. This provides
compelling evidence that the machinery required to generate
images is largely irrelevant to enabling effective adaptation.
Additionally, we show convincing results on the challenging
SVHN and MNIST task in comparison to other methods,
indicating that our method has the potential to generalize
to a variety of settings. In contrast, we were unable to get
CoGANs to converge on SVHN and MNIST—because the
domains are so disparate, we were unable to train coupled
generators for them.

5.2. Modality adaptation

We use the NYU depth dataset [23], which contains
bounding box annotations for 19 object classes in 1449 im-
ages from indoor scenes. The dataset is split into a train (381
images), val (414 images) and test (654) sets. To perform
our cross-modality adaptation, we first crop out tight bound-
ing boxes around instances of these 19 classes present in
the dataset and evaluate on a 19-way classification task over
object crops. In order to ensure that the same instance is not
seen in both domains, we use the RGB images from the train
split as the source domain and the depth images from the val
split as the target domain. This corresponds to 2,186 labeled

source images and 2,401 unlabeled target images. Figure 4
visualizes samples from each of the two domains.

We consider the task of adaptation between these RGB
and HHA encoded depth images [28], using them as source
and target domains respectively. Because the bounding boxes
are tight and relatively low resolution, accurate classification
is quite difficult, even when evaluating in-domain. In addi-
tion, the dataset has very few examples for certain classes,
such as toilet and bathtub, which directly translates
to reduced classification performance.

For this experiment, our base architecture is the VGG-16
architecture, initializing from weights pretrained on Ima-
geNet [29]. This network is then fully fine-tuned on the
source domain for 20,000 iterations using a batch size of
128. When training with ADDA, the adversarial discrim-
inator consists of three additional fully connected layers:
1024 hidden units, 2048 hidden units, then the adversar-
ial discriminator output. With the exception of the output,
these layers use a ReLU activation function. ADDA training
then proceeds for another 20,000 iterations, using the same
hyperparameters as in the digits experiments.

We find that our method, ADDA, greatly improves clas-
sification accuracy for this task. For certain categories, like
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Tracking: an intriguing idea

[Richard Sutton, Anna Koop & David Silver (2007). On the role of 
tracking in stationary environments. ICML-2007]

Even in stationary environments, it can be advantageous to act as if 

the environment was changing!!!
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data points come from “similar”
distribution: not i.i.d.
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A new inductive problem

Notion of temporal consistency

f (·, ✓t) continuous
and with bounded variation / ✓t
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X
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+ Capacity(R)

x

y
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Do not optimize the choice of ONE h any longer!!

but optimize the learning rule (r 2 R) instead: (ht�1, xt)
r
�! ht !!
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Tracking in stationary environments

• A toy environment
On the Role of Tracking in Stationary Environments

Figure 1. The Black and White world. The agent follows
a random walk right and left, occasionally observing the
color above it. The states wrap.

is to predict the probability of observing black using a
single scalar parameter. The environment is station-
ary, but cannot be represented accurately with only
one parameter.

The prediction yt 2 (0, 1) is computed from a logistic
sigmoid over the learned parameter w:

yt =
1

1 + e�wtxt
, (1)

where wt 2 <n denotes the learned parameter at time
step t, and xt 2 <n denotes a feature vector at time
step t, where here in the Black and White world we
have the simplest case in which n = 1 and xt = 1
for all t. We describe it here in the general, multi-
dimensional form because we will use that form in the
computer Go application presented in the next section.
We will refer to the parameter wt as the weight vector
or, in the scalar case, simply as the weight.

The target value for the prediction is the actual obser-
vation when the agent looks up, which we denote as
zt, where zt = 0 if the agent looks up and sees white,
zt = 1 if the agent looks up and sees black, and zt is
undefined if the agent does not look up on time step t.
On time steps on which the agent looks up it incurs a
loss, the cross entropy between the target zt and the
current prediction yt:

Lt = �zt log (yt)� (1� zt) log (1� yt). (2)

On these time steps the weight is updated by gradient
descent:

wt+1 = wt + ↵�txt, (3)

where �t is the di↵erence between the target and the
prediction: �t = zt � yt. The learning rate is deter-
mined by the step-size parameter ↵ > 0.

In the Black and White world, the single best param-
eter value for minimizing loss is wt = 0, because in
the long run the frequency of seeing black is 0.5. With
a su�ciently small step-size parameter, wt approaches
0. With a larger step-size parameter, the weight up-
date is more influenced by the current error than by
the long term average, and wt will vary by a larger
amount. In the Black and White world, observations
made soon after each other are more likely to be the
same color than observations separated by longer time

5 10 15 20 25 30 35 40 45 50

0

0.5

1

Prediction
y

t
      

time−step

Figure 2. A sample trajectory in the Black and White
world, showing the prediction on each time-step and the
actual color above the agent. The prediction is modified
only on time steps on which the color is observed. Here
↵ = 2.

frames. This temporal coherence suggests that track-
ing may be beneficial. Figure 2 illustrates this, chart-
ing which part of the world (black or white) the agent
is in together with the prediction at that time for a
typical sequence of 50 time steps.

When the agent remains in a consistent region, the
prediction approaches the correct value. After the first
observation in a new region, the prediction is adjusted
accordingly. With a small ↵, as in this example, it may
take several observations before the prediction catches
up with the target.

To empirically illustrate the benefits of tracking in a
stationary environment, we tested several settings of ↵
in the Black and White world. For each setting, we ran
30 episodes each with 200,000 observation steps. Re-
sults are reported for the second 100,000 steps only,
to remove any e↵ect of the initial conditions. The
look, left, and right actions were chosen randomly
with probabilities 0.5, 0.25, and 0.25 respectively. The
boundaries of the world wrap: taking the left action
in the leftmost state moves the agent to the rightmost
state, and similarly for the right action in the right-
most state.

The mean loss and standard errors are displayed in
Figure 3. The dotted line is the loss of the best con-
verged solution. The solid line shows the tracking re-
sults. For small values of ↵ the solution was arbitrar-
ily close to the converged solution, with corresponding
loss. For very high values of ↵, the loss of the tracking
solution was worse than that of the converged solu-
tion. For intermediate values, the loss of the tracking
solution was significantly better than the converged
solution. In this world, an ↵ value of 4 resulted in
the lowest loss among the values tested. Across all
↵ = 4 runs, the average loss was 0.24. The loss of the
best converged solution was almost three times this,
at 0.69.

The best choice of ↵ depends on the degree of temporal

On the Role of Tracking in Stationary Environments

Figure 1. The Black and White world. The agent follows
a random walk right and left, occasionally observing the
color above it. The states wrap.
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frames. This temporal coherence suggests that track-
ing may be beneficial. Figure 2 illustrates this, chart-
ing which part of the world (black or white) the agent
is in together with the prediction at that time for a
typical sequence of 50 time steps.

When the agent remains in a consistent region, the
prediction approaches the correct value. After the first
observation in a new region, the prediction is adjusted
accordingly. With a small ↵, as in this example, it may
take several observations before the prediction catches
up with the target.

To empirically illustrate the benefits of tracking in a
stationary environment, we tested several settings of ↵
in the Black and White world. For each setting, we ran
30 episodes each with 200,000 observation steps. Re-
sults are reported for the second 100,000 steps only,
to remove any e↵ect of the initial conditions. The
look, left, and right actions were chosen randomly
with probabilities 0.5, 0.25, and 0.25 respectively. The
boundaries of the world wrap: taking the left action
in the leftmost state moves the agent to the rightmost
state, and similarly for the right action in the right-
most state.

The mean loss and standard errors are displayed in
Figure 3. The dotted line is the loss of the best con-
verged solution. The solid line shows the tracking re-
sults. For small values of ↵ the solution was arbitrar-
ily close to the converged solution, with corresponding
loss. For very high values of ↵, the loss of the tracking
solution was worse than that of the converged solu-
tion. For intermediate values, the loss of the tracking
solution was significantly better than the converged
solution. In this world, an ↵ value of 4 resulted in
the lowest loss among the values tested. Across all
↵ = 4 runs, the average loss was 0.24. The loss of the
best converged solution was almost three times this,
at 0.69.

The best choice of ↵ depends on the degree of temporal
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Tracking in stationary environments

Tracking to play Go

• 5 x 5 Go

– More than 5 x 1010 unique positions

• Usual approach: learn a general evaluation function V(s) valid    s

On the Role of Tracking in Stationary Environments

0.0039 0.0156 0.0625 0.25 1 4 16 64

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

Step−size α

Mean
loss per

time−step

Figure 3. Comparison of the mean log loss per time-step for
fixed step-sizes in the Black and White world. The dotted
line marks the loss of the converged solution. Standard
error bars are given.

coherence of the environment. If the probability of
looking up is increased, the lowest loss occurs with
larger values of ↵. When the probability of looking is
very small, temporal coherence is completely lost and
the best values for ↵ are those that allow approximate
convergence. In a later section we will see how ↵ can
be set by a meta-learning algorithm.

3. Tracking versus converging in Go

To compare tracking and converging algorithms in a
more complex domain, we used the game of 5⇥ 5 Go.
Even with a small board size, this domain poses a
considerable challenge. There are more than 5⇥ 1010

unique states, and the game contains su�cient strate-
gic depth to merit a regular column in professional Go
periodicals (Davies, 1994).

In a complex domain such as Go, it is usual to seek the
best approximation to the optimal policy that can be
achieved by a particular representation, for example a
linear combination of binary features (Silver, Sutton
& Müller, 2007), or a multi-layer perceptron (Schrau-
dolph, Dayan & Sejnowski, 1994; Enzenberger, 2003).
However, it may be possible to do better than any
fixed policy, given the same representation. At each
time step, the agent seeks the best policy for the dis-
tribution of states encountered when starting from the
current state. Thus, the agent devotes its learning re-
sources to the current situation, rather than spreading
them across the complete distribution of states.

To demonstrate this idea, we chose the representation
used by Silver et al. (2007). The value function V (s)

is approximated by a linear combination of binary fea-
tures x(s), squashed by a sigmoid function (see Equa-
tion 1 and Figure 4). The reward function is r = 1 for
winning, and r = 0 otherwise, so that the value func-
tion estimates the probability of winning the game.

V(s)

x(s) w

0.0724552 0.0624626 -0.062373 -0.0622525 -0.0613142 -0.0579365 0.05772

0.0561448 -0.0488831 -0.0488831 -0.0488831 -0.0488831 0.0407592 -0.0389021

0.0384986 -0.0383305 0.0369158 -0.0328997 0.0304654 -0.0303105 0.0302466

0.0283838 0.0283838 0.0274134 0.0274134 0.0261561 -0.0257755 -0.0255928

0.0240448 -0.0240236 -0.023458 -0.023458 -0.023458 -0.023458 -0.023458

-0.022507 -0.022507 0.0220651 0.0220651 -0.0207052 -0.0207052 -0.0205356

-0.0202356 0.0200196 0.0200196 0.0197588 0.0189705 0.0185678 -0.0183054

0.0172289 0.0172289 0.0171581 0.0171581 0.0166574 0.0166083 0.0163786

-0.0163256 0.0162125 0.0162125 -0.0158571 -0.0150487 0.0149172 0.0149172
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Figure 1: (a) Capturing moves for black, (b) A position from a game of 5x5 Atari-Go, (c)
A 2x2 location invariant shape feature that matches once on the left and twice on the right
hand side of the game position, and a corresponding weight learned by the agent (d) A 2x2
location dependent feature that matches both the top-left and top-right corners of the same
position, and corresponding weight.

2 Local Shape

Professional Go players analyse positions using a large vocabulary of local shapes, such
as joseki (corner patterns) and tesuji (tactical patterns). These may occur at a variety of
different scales, and may be specific to a position on the board or equally applicable across
the whole board. To encapsulate all these forms of knowledge, we encoded local shape
knowledge using a multi-scale representation that includes both location dependent and
location invariant features.

In addition, current Computer Go programs rely heavily on the use of pattern databases to
represent local positional knowledge [?, ?] . Manyman-years are devoted to hand-encoding
professional expertise into the strongest programs, in the form of local shape knowledge
(see Figure ??). If these databases could be learned purely from experience, it is likely to
significantly boost the robustness and overall performance of the top programs.

Prior work on local shape extraction has focussed on supervised learning for local move
prediction [?, ?]. Despite some limited success, this approach has not led to strong play,
due perhaps to its focus on mimicking rather than evaluating and understanding the shapes
encountered. A second approach has been to train neural networks by temporal difference
learning, where the networks implicitly contain some representation of local shape [?, ?].
Although successful in many regards, the local shape knowledge is limited in scope by the
network architecture. Furthermore, the results cannot be directly understood or interpreted
in the manner of pattern databases.

Table 1: For each feature set F , the total number n(F ) of local shape features in F , and
the total number of active featuresm(F ) active in any given position.

F 1x1 2x1 2x2 3x2 3x3

n(F )
LI 3 9 81 729 19,683
LD 27 54 324 2,916 78,732

m(F )
LI 50 80 128 32 72
LD 50 40 32 32 32

Σ

Figure 4. Value function approximation for 5⇥ 5 Go

Each binary feature recognizes a particular pattern of
stones within some rectangle on the board. Binary fea-
tures are used for all possible configurations from 1⇥1
up to 3⇥3; some example features are shown in the left
sides of Figures 6 and 7. Weights are shared between
sets of symmetric shapes, to take account of any rota-
tional, reflectional and translational symmetries that
may exist (Silver el al., 2007). The weights for these
features can be interpreted as the expected contribu-
tion that each shape makes to winning the game, over
the on-policy distribution of states.

As in the Black and White world, we adjust weights so
as to minimize the cross entropy between the current
prediction and the subsequent prediction. Thus, we
use equations 2 and 3, where the target at time t is set
according to the TD(0) algorithm (Sutton, 1988):

zt = rt+1 + V (st+1). (4)

We considered two versions of the learning algorithm.
For the converging agent, we initialized all weights to
small random values and trained o✏ine for 250,000
complete episodes of self-play. For the tracking agent,
we also initialized the weights randomly. At every
time-step t, we trained the agent online for 10,000
episodes of self-play, starting from the current posi-
tion st.2 The result of 5 ⇥ 5 Go is usually deter-
mined within the first 25 moves, thus the tracking

2This tracking approach to computer Go is surprisingly
practical. Because we use a linear evaluation function and
binary features, learning is very fast. In this setting the
learning algorithm is fast enough to simulate and process
10,000 complete games in just a few seconds (see table 2).
In fact, a fully functional 9x9 Computer Go program cur-
rently competes online on the Computer Go Online Server,
using precisely this tracking algorithm. Not only does this
demonstrate that the tracking algorithm is practical, but
also that it can be used under strict time constraints (5
minutes per complete game on CGOS).

8

Features describing the situation

Associated weights (learnt)
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Tracking as local changes of representation
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Figure 3. Comparison of the mean log loss per time-step for
fixed step-sizes in the Black and White world. The dotted
line marks the loss of the converged solution. Standard
error bars are given.
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larger values of ↵. When the probability of looking is
very small, temporal coherence is completely lost and
the best values for ↵ are those that allow approximate
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linear combination of binary features (Silver, Sutton
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time step, the agent seeks the best policy for the dis-
tribution of states encountered when starting from the
current state. Thus, the agent devotes its learning re-
sources to the current situation, rather than spreading
them across the complete distribution of states.
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is approximated by a linear combination of binary fea-
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tion 1 and Figure 4). The reward function is r = 1 for
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Figure 1: (a) Capturing moves for black, (b) A position from a game of 5x5 Atari-Go, (c)
A 2x2 location invariant shape feature that matches once on the left and twice on the right
hand side of the game position, and a corresponding weight learned by the agent (d) A 2x2
location dependent feature that matches both the top-left and top-right corners of the same
position, and corresponding weight.

2 Local Shape

Professional Go players analyse positions using a large vocabulary of local shapes, such
as joseki (corner patterns) and tesuji (tactical patterns). These may occur at a variety of
different scales, and may be specific to a position on the board or equally applicable across
the whole board. To encapsulate all these forms of knowledge, we encoded local shape
knowledge using a multi-scale representation that includes both location dependent and
location invariant features.

In addition, current Computer Go programs rely heavily on the use of pattern databases to
represent local positional knowledge [?, ?] . Manyman-years are devoted to hand-encoding
professional expertise into the strongest programs, in the form of local shape knowledge
(see Figure ??). If these databases could be learned purely from experience, it is likely to
significantly boost the robustness and overall performance of the top programs.

Prior work on local shape extraction has focussed on supervised learning for local move
prediction [?, ?]. Despite some limited success, this approach has not led to strong play,
due perhaps to its focus on mimicking rather than evaluating and understanding the shapes
encountered. A second approach has been to train neural networks by temporal difference
learning, where the networks implicitly contain some representation of local shape [?, ?].
Although successful in many regards, the local shape knowledge is limited in scope by the
network architecture. Furthermore, the results cannot be directly understood or interpreted
in the manner of pattern databases.

Table 1: For each feature set F , the total number n(F ) of local shape features in F , and
the total number of active featuresm(F ) active in any given position.

F 1x1 2x1 2x2 3x2 3x3

n(F )
LI 3 9 81 729 19,683
LD 27 54 324 2,916 78,732

m(F )
LI 50 80 128 32 72
LD 50 40 32 32 32

Σ

Figure 4. Value function approximation for 5⇥ 5 Go

Each binary feature recognizes a particular pattern of
stones within some rectangle on the board. Binary fea-
tures are used for all possible configurations from 1⇥1
up to 3⇥3; some example features are shown in the left
sides of Figures 6 and 7. Weights are shared between
sets of symmetric shapes, to take account of any rota-
tional, reflectional and translational symmetries that
may exist (Silver el al., 2007). The weights for these
features can be interpreted as the expected contribu-
tion that each shape makes to winning the game, over
the on-policy distribution of states.

As in the Black and White world, we adjust weights so
as to minimize the cross entropy between the current
prediction and the subsequent prediction. Thus, we
use equations 2 and 3, where the target at time t is set
according to the TD(0) algorithm (Sutton, 1988):

zt = rt+1 + V (st+1). (4)

We considered two versions of the learning algorithm.
For the converging agent, we initialized all weights to
small random values and trained o✏ine for 250,000
complete episodes of self-play. For the tracking agent,
we also initialized the weights randomly. At every
time-step t, we trained the agent online for 10,000
episodes of self-play, starting from the current posi-
tion st.2 The result of 5 ⇥ 5 Go is usually deter-
mined within the first 25 moves, thus the tracking

2This tracking approach to computer Go is surprisingly
practical. Because we use a linear evaluation function and
binary features, learning is very fast. In this setting the
learning algorithm is fast enough to simulate and process
10,000 complete games in just a few seconds (see table 2).
In fact, a fully functional 9x9 Computer Go program cur-
rently competes online on the Computer Go Online Server,
using precisely this tracking algorithm. Not only does this
demonstrate that the tracking algorithm is practical, but
also that it can be used under strict time constraints (5
minutes per complete game on CGOS).
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Figure 3. Comparison of the mean log loss per time-step for
fixed step-sizes in the Black and White world. The dotted
line marks the loss of the converged solution. Standard
error bars are given.

coherence of the environment. If the probability of
looking up is increased, the lowest loss occurs with
larger values of ↵. When the probability of looking is
very small, temporal coherence is completely lost and
the best values for ↵ are those that allow approximate
convergence. In a later section we will see how ↵ can
be set by a meta-learning algorithm.

3. Tracking versus converging in Go

To compare tracking and converging algorithms in a
more complex domain, we used the game of 5⇥ 5 Go.
Even with a small board size, this domain poses a
considerable challenge. There are more than 5⇥ 1010

unique states, and the game contains su�cient strate-
gic depth to merit a regular column in professional Go
periodicals (Davies, 1994).

In a complex domain such as Go, it is usual to seek the
best approximation to the optimal policy that can be
achieved by a particular representation, for example a
linear combination of binary features (Silver, Sutton
& Müller, 2007), or a multi-layer perceptron (Schrau-
dolph, Dayan & Sejnowski, 1994; Enzenberger, 2003).
However, it may be possible to do better than any
fixed policy, given the same representation. At each
time step, the agent seeks the best policy for the dis-
tribution of states encountered when starting from the
current state. Thus, the agent devotes its learning re-
sources to the current situation, rather than spreading
them across the complete distribution of states.

To demonstrate this idea, we chose the representation
used by Silver et al. (2007). The value function V (s)

is approximated by a linear combination of binary fea-
tures x(s), squashed by a sigmoid function (see Equa-
tion 1 and Figure 4). The reward function is r = 1 for
winning, and r = 0 otherwise, so that the value func-
tion estimates the probability of winning the game.
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Figure 1: (a) Capturing moves for black, (b) A position from a game of 5x5 Atari-Go, (c)
A 2x2 location invariant shape feature that matches once on the left and twice on the right
hand side of the game position, and a corresponding weight learned by the agent (d) A 2x2
location dependent feature that matches both the top-left and top-right corners of the same
position, and corresponding weight.

2 Local Shape

Professional Go players analyse positions using a large vocabulary of local shapes, such
as joseki (corner patterns) and tesuji (tactical patterns). These may occur at a variety of
different scales, and may be specific to a position on the board or equally applicable across
the whole board. To encapsulate all these forms of knowledge, we encoded local shape
knowledge using a multi-scale representation that includes both location dependent and
location invariant features.

In addition, current Computer Go programs rely heavily on the use of pattern databases to
represent local positional knowledge [?, ?] . Manyman-years are devoted to hand-encoding
professional expertise into the strongest programs, in the form of local shape knowledge
(see Figure ??). If these databases could be learned purely from experience, it is likely to
significantly boost the robustness and overall performance of the top programs.

Prior work on local shape extraction has focussed on supervised learning for local move
prediction [?, ?]. Despite some limited success, this approach has not led to strong play,
due perhaps to its focus on mimicking rather than evaluating and understanding the shapes
encountered. A second approach has been to train neural networks by temporal difference
learning, where the networks implicitly contain some representation of local shape [?, ?].
Although successful in many regards, the local shape knowledge is limited in scope by the
network architecture. Furthermore, the results cannot be directly understood or interpreted
in the manner of pattern databases.

Table 1: For each feature set F , the total number n(F ) of local shape features in F , and
the total number of active featuresm(F ) active in any given position.

F 1x1 2x1 2x2 3x2 3x3

n(F )
LI 3 9 81 729 19,683
LD 27 54 324 2,916 78,732

m(F )
LI 50 80 128 32 72
LD 50 40 32 32 32
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Figure 4. Value function approximation for 5⇥ 5 Go

Each binary feature recognizes a particular pattern of
stones within some rectangle on the board. Binary fea-
tures are used for all possible configurations from 1⇥1
up to 3⇥3; some example features are shown in the left
sides of Figures 6 and 7. Weights are shared between
sets of symmetric shapes, to take account of any rota-
tional, reflectional and translational symmetries that
may exist (Silver el al., 2007). The weights for these
features can be interpreted as the expected contribu-
tion that each shape makes to winning the game, over
the on-policy distribution of states.

As in the Black and White world, we adjust weights so
as to minimize the cross entropy between the current
prediction and the subsequent prediction. Thus, we
use equations 2 and 3, where the target at time t is set
according to the TD(0) algorithm (Sutton, 1988):

zt = rt+1 + V (st+1). (4)

We considered two versions of the learning algorithm.
For the converging agent, we initialized all weights to
small random values and trained o✏ine for 250,000
complete episodes of self-play. For the tracking agent,
we also initialized the weights randomly. At every
time-step t, we trained the agent online for 10,000
episodes of self-play, starting from the current posi-
tion st.2 The result of 5 ⇥ 5 Go is usually deter-
mined within the first 25 moves, thus the tracking

2This tracking approach to computer Go is surprisingly
practical. Because we use a linear evaluation function and
binary features, learning is very fast. In this setting the
learning algorithm is fast enough to simulate and process
10,000 complete games in just a few seconds (see table 2).
In fact, a fully functional 9x9 Computer Go program cur-
rently competes online on the Computer Go Online Server,
using precisely this tracking algorithm. Not only does this
demonstrate that the tracking algorithm is practical, but
also that it can be used under strict time constraints (5
minutes per complete game on CGOS).
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fixed step-sizes in the Black and White world. The dotted
line marks the loss of the converged solution. Standard
error bars are given.

coherence of the environment. If the probability of
looking up is increased, the lowest loss occurs with
larger values of ↵. When the probability of looking is
very small, temporal coherence is completely lost and
the best values for ↵ are those that allow approximate
convergence. In a later section we will see how ↵ can
be set by a meta-learning algorithm.

3. Tracking versus converging in Go

To compare tracking and converging algorithms in a
more complex domain, we used the game of 5⇥ 5 Go.
Even with a small board size, this domain poses a
considerable challenge. There are more than 5⇥ 1010

unique states, and the game contains su�cient strate-
gic depth to merit a regular column in professional Go
periodicals (Davies, 1994).

In a complex domain such as Go, it is usual to seek the
best approximation to the optimal policy that can be
achieved by a particular representation, for example a
linear combination of binary features (Silver, Sutton
& Müller, 2007), or a multi-layer perceptron (Schrau-
dolph, Dayan & Sejnowski, 1994; Enzenberger, 2003).
However, it may be possible to do better than any
fixed policy, given the same representation. At each
time step, the agent seeks the best policy for the dis-
tribution of states encountered when starting from the
current state. Thus, the agent devotes its learning re-
sources to the current situation, rather than spreading
them across the complete distribution of states.

To demonstrate this idea, we chose the representation
used by Silver et al. (2007). The value function V (s)

is approximated by a linear combination of binary fea-
tures x(s), squashed by a sigmoid function (see Equa-
tion 1 and Figure 4). The reward function is r = 1 for
winning, and r = 0 otherwise, so that the value func-
tion estimates the probability of winning the game.
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Figure 1: (a) Capturing moves for black, (b) A position from a game of 5x5 Atari-Go, (c)
A 2x2 location invariant shape feature that matches once on the left and twice on the right
hand side of the game position, and a corresponding weight learned by the agent (d) A 2x2
location dependent feature that matches both the top-left and top-right corners of the same
position, and corresponding weight.

2 Local Shape

Professional Go players analyse positions using a large vocabulary of local shapes, such
as joseki (corner patterns) and tesuji (tactical patterns). These may occur at a variety of
different scales, and may be specific to a position on the board or equally applicable across
the whole board. To encapsulate all these forms of knowledge, we encoded local shape
knowledge using a multi-scale representation that includes both location dependent and
location invariant features.

In addition, current Computer Go programs rely heavily on the use of pattern databases to
represent local positional knowledge [?, ?] . Manyman-years are devoted to hand-encoding
professional expertise into the strongest programs, in the form of local shape knowledge
(see Figure ??). If these databases could be learned purely from experience, it is likely to
significantly boost the robustness and overall performance of the top programs.

Prior work on local shape extraction has focussed on supervised learning for local move
prediction [?, ?]. Despite some limited success, this approach has not led to strong play,
due perhaps to its focus on mimicking rather than evaluating and understanding the shapes
encountered. A second approach has been to train neural networks by temporal difference
learning, where the networks implicitly contain some representation of local shape [?, ?].
Although successful in many regards, the local shape knowledge is limited in scope by the
network architecture. Furthermore, the results cannot be directly understood or interpreted
in the manner of pattern databases.

Table 1: For each feature set F , the total number n(F ) of local shape features in F , and
the total number of active featuresm(F ) active in any given position.

F 1x1 2x1 2x2 3x2 3x3

n(F )
LI 3 9 81 729 19,683
LD 27 54 324 2,916 78,732

m(F )
LI 50 80 128 32 72
LD 50 40 32 32 32
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Figure 4. Value function approximation for 5⇥ 5 Go

Each binary feature recognizes a particular pattern of
stones within some rectangle on the board. Binary fea-
tures are used for all possible configurations from 1⇥1
up to 3⇥3; some example features are shown in the left
sides of Figures 6 and 7. Weights are shared between
sets of symmetric shapes, to take account of any rota-
tional, reflectional and translational symmetries that
may exist (Silver el al., 2007). The weights for these
features can be interpreted as the expected contribu-
tion that each shape makes to winning the game, over
the on-policy distribution of states.

As in the Black and White world, we adjust weights so
as to minimize the cross entropy between the current
prediction and the subsequent prediction. Thus, we
use equations 2 and 3, where the target at time t is set
according to the TD(0) algorithm (Sutton, 1988):

zt = rt+1 + V (st+1). (4)

We considered two versions of the learning algorithm.
For the converging agent, we initialized all weights to
small random values and trained o✏ine for 250,000
complete episodes of self-play. For the tracking agent,
we also initialized the weights randomly. At every
time-step t, we trained the agent online for 10,000
episodes of self-play, starting from the current posi-
tion st.2 The result of 5 ⇥ 5 Go is usually deter-
mined within the first 25 moves, thus the tracking

2This tracking approach to computer Go is surprisingly
practical. Because we use a linear evaluation function and
binary features, learning is very fast. In this setting the
learning algorithm is fast enough to simulate and process
10,000 complete games in just a few seconds (see table 2).
In fact, a fully functional 9x9 Computer Go program cur-
rently competes online on the Computer Go Online Server,
using precisely this tracking algorithm. Not only does this
demonstrate that the tracking algorithm is practical, but
also that it can be used under strict time constraints (5
minutes per complete game on CGOS).
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line marks the loss of the converged solution. Standard
error bars are given.

coherence of the environment. If the probability of
looking up is increased, the lowest loss occurs with
larger values of ↵. When the probability of looking is
very small, temporal coherence is completely lost and
the best values for ↵ are those that allow approximate
convergence. In a later section we will see how ↵ can
be set by a meta-learning algorithm.

3. Tracking versus converging in Go

To compare tracking and converging algorithms in a
more complex domain, we used the game of 5⇥ 5 Go.
Even with a small board size, this domain poses a
considerable challenge. There are more than 5⇥ 1010

unique states, and the game contains su�cient strate-
gic depth to merit a regular column in professional Go
periodicals (Davies, 1994).

In a complex domain such as Go, it is usual to seek the
best approximation to the optimal policy that can be
achieved by a particular representation, for example a
linear combination of binary features (Silver, Sutton
& Müller, 2007), or a multi-layer perceptron (Schrau-
dolph, Dayan & Sejnowski, 1994; Enzenberger, 2003).
However, it may be possible to do better than any
fixed policy, given the same representation. At each
time step, the agent seeks the best policy for the dis-
tribution of states encountered when starting from the
current state. Thus, the agent devotes its learning re-
sources to the current situation, rather than spreading
them across the complete distribution of states.

To demonstrate this idea, we chose the representation
used by Silver et al. (2007). The value function V (s)

is approximated by a linear combination of binary fea-
tures x(s), squashed by a sigmoid function (see Equa-
tion 1 and Figure 4). The reward function is r = 1 for
winning, and r = 0 otherwise, so that the value func-
tion estimates the probability of winning the game.
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Figure 1: (a) Capturing moves for black, (b) A position from a game of 5x5 Atari-Go, (c)
A 2x2 location invariant shape feature that matches once on the left and twice on the right
hand side of the game position, and a corresponding weight learned by the agent (d) A 2x2
location dependent feature that matches both the top-left and top-right corners of the same
position, and corresponding weight.

2 Local Shape

Professional Go players analyse positions using a large vocabulary of local shapes, such
as joseki (corner patterns) and tesuji (tactical patterns). These may occur at a variety of
different scales, and may be specific to a position on the board or equally applicable across
the whole board. To encapsulate all these forms of knowledge, we encoded local shape
knowledge using a multi-scale representation that includes both location dependent and
location invariant features.

In addition, current Computer Go programs rely heavily on the use of pattern databases to
represent local positional knowledge [?, ?] . Manyman-years are devoted to hand-encoding
professional expertise into the strongest programs, in the form of local shape knowledge
(see Figure ??). If these databases could be learned purely from experience, it is likely to
significantly boost the robustness and overall performance of the top programs.

Prior work on local shape extraction has focussed on supervised learning for local move
prediction [?, ?]. Despite some limited success, this approach has not led to strong play,
due perhaps to its focus on mimicking rather than evaluating and understanding the shapes
encountered. A second approach has been to train neural networks by temporal difference
learning, where the networks implicitly contain some representation of local shape [?, ?].
Although successful in many regards, the local shape knowledge is limited in scope by the
network architecture. Furthermore, the results cannot be directly understood or interpreted
in the manner of pattern databases.

Table 1: For each feature set F , the total number n(F ) of local shape features in F , and
the total number of active featuresm(F ) active in any given position.

F 1x1 2x1 2x2 3x2 3x3

n(F )
LI 3 9 81 729 19,683
LD 27 54 324 2,916 78,732

m(F )
LI 50 80 128 32 72
LD 50 40 32 32 32

Σ

Figure 4. Value function approximation for 5⇥ 5 Go

Each binary feature recognizes a particular pattern of
stones within some rectangle on the board. Binary fea-
tures are used for all possible configurations from 1⇥1
up to 3⇥3; some example features are shown in the left
sides of Figures 6 and 7. Weights are shared between
sets of symmetric shapes, to take account of any rota-
tional, reflectional and translational symmetries that
may exist (Silver el al., 2007). The weights for these
features can be interpreted as the expected contribu-
tion that each shape makes to winning the game, over
the on-policy distribution of states.

As in the Black and White world, we adjust weights so
as to minimize the cross entropy between the current
prediction and the subsequent prediction. Thus, we
use equations 2 and 3, where the target at time t is set
according to the TD(0) algorithm (Sutton, 1988):

zt = rt+1 + V (st+1). (4)

We considered two versions of the learning algorithm.
For the converging agent, we initialized all weights to
small random values and trained o✏ine for 250,000
complete episodes of self-play. For the tracking agent,
we also initialized the weights randomly. At every
time-step t, we trained the agent online for 10,000
episodes of self-play, starting from the current posi-
tion st.2 The result of 5 ⇥ 5 Go is usually deter-
mined within the first 25 moves, thus the tracking

2This tracking approach to computer Go is surprisingly
practical. Because we use a linear evaluation function and
binary features, learning is very fast. In this setting the
learning algorithm is fast enough to simulate and process
10,000 complete games in just a few seconds (see table 2).
In fact, a fully functional 9x9 Computer Go program cur-
rently competes online on the Computer Go Online Server,
using precisely this tracking algorithm. Not only does this
demonstrate that the tracking algorithm is practical, but
also that it can be used under strict time constraints (5
minutes per complete game on CGOS).
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Figure 7. (Left) A 3 ⇥ 3 feature making two eyes in the
corner. (Right) Black to play, move a is now the winning
move. Using 3 ⇥ 3 features, the converging agent makes
two eyes at b, believing this to be a good shape in general.
However, the tracking agent realizes that move b is redun-
dant (black already has two eyes) and learns to play the
winning move at a.

now bad: Black already has two eyes and should play
in the center to maximize his territory. The converg-
ing agent is unable to understand the global context
and plays the wrong move in the corner. The track-
ing agent learns that the corner pattern is not as im-
portant as the central territory in this context, and
plays the correct move in the center. Thus, the track-
ing agent customizes its policy to the current situation
and outperforms the converging agent, even when the
representation is expressive and rich with features.

4. Step-size adaptation in the Black

and White world

As we saw in the Black and White world, the best
step-size parameter ↵ generally depends on the degree
of temporal coherence of the world, which may not
be known a priori. This is an area in which meta-
learning might play a role. We present an adaptation
of the incremental delta-bar-delta (IDBD) algorithm,
an online meta-learning algorithm that uses gradient
descent to learn step-size parameters (Sutton, 1992a,
1992b). Here we use a version of IDBD customized for
the log loss we use in this paper. Our derivation of
the IDBD algorithm for log loss directly parallels that
presented by Sutton (1992a) for squared error.

The IDBD algorithm allows for a di↵erent step-size ↵i

for each component wi of the parameter vector w. The
weight update rule is similar to that for the scalar case
shown in Section 2:
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The full algorithm for semi-linear IDBD is given in
Figure 1.

Algorithm 1 Semi-linear IDBD
Initialize hi

0 to 0, wi
0 and �i

0 as desired.
for each time step t do

y  1

1+e
Pn

i=1 �wixi

�  z � y
for each weight i do

�i  �i + µ�xihi

↵i  e�i
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hi  hi[1� ↵i(xi)2y(1� y)] + ↵i�xi

end for
end for
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move. Using 3 ⇥ 3 features, the converging agent makes
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dant (black already has two eyes) and learns to play the
winning move at a.
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Features Tracking beats converging
Black White Total

1⇥ 1 82% 43% 62.5%
2⇥ 2 90% 71% 80.5%
3⇥ 3 93% 80% 86.5%

Table 1. Percentage of 5⇥5 Go games won by the tracking
agent playing against the converging agent when playing
as Black (first to move) and as White.

agent received slightly less experience than the con-
verging agent. We played the tracking and converg-
ing agents against each other to compare their per-
formance. Both agents used an ✏-greedy policy during
self-play training, but a greedy policy to select their ac-
tual moves. The step-size was set to ↵t = 0.1/||x(st)||
for both agents.

The first experiment used only the 1⇥1 features. Each
subsequent experiment included additional features of
increasing complexity, up to 3 ⇥ 3. Every experiment
consisted of 200 games, retraining both agents from
scratch for each game, and alternating colours between
games. In all experiments, the tracking agent won a
substantial majority of the games (Table 1 and Fig-
ure 5) with the advantage being largest for the more
expressive representations.

The simplest representation, using just the 1 ⇥ 1 fea-
tures, demonstrates a clear advantage for tracking over
converging. For example, it is usually bad for Black
to play on the corner intersection, and so the con-
verging agent learns a negative weight for this feature.
However, Figure 6 shows a position in which the cor-
ner intersection is the most important point on the
board for Black: it makes two eyes and allows the
Black stones to live. By learning about the particular
distribution of states arising from this position, the
tracking agent learns a large positive weight for the
corner feature. When playing Black in this position,
the converging agent plays in the central intersection
and loses; whereas the tracking agent plays in the cor-
ner and wins.

As the representation becomes more expressive, the
agent is able to learn more complex patterns and
the performance of both tracking and converging in-
creases. However, the tracking agent is able to ex-
ploit the additional features better than the converg-
ing agent (see Figure 5). For example, the converging
agent now learns that the corner intersection is bad
in general, but good when it occurs in a 3 ⇥ 3 pat-
tern providing two eyes. However, there are still spe-
cial cases where this does not hold. Figure 7 shows a
similar position in which this same corner pattern is

Features Total CPU (minutes)
features Tracking Converging

1⇥ 1 75 3.5 10.1
2⇥ 2 1371 5.7 13.8
3⇥ 3 178518 9.1 22.2

Table 2. Memory and CPU requirements for tracking and
converging agents. The total number of binary features
indicates the memory consumption. The CPU time is
the average training time required to play a complete
game: 250,000 episodes of training for the converging
agent; 10,000 episodes of training per move for the tracking
agent.

Figure 5. Games won by tracking agent against converging
agent, playing 100 games as Black and 100 games as White.

b

a

Figure 6. (Left) A 1⇥ 1 feature with a central black stone.
(Right) With Black to play, move b is the winning move.
Using 1 ⇥ 1 features, the converging agent plays centrally
at a, having learned that this is a good feature in general.
However, the tracking agent learns that Black must play
at b in this particular situation, to make two eyes.
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– learn a general evaluation function V(s)

• On 250,000 complete episodes of self-play

– Learn successive evaluation functions Vt(s) attuned to the current states

• On 10,000 episodes of self-play starting from the current positionOn the Role of Tracking in Stationary Environments
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Figure 6. (Left) A 1⇥ 1 feature with a central black stone.
(Right) With Black to play, move b is the winning move.
Using 1 ⇥ 1 features, the converging agent plays centrally
at a, having learned that this is a good feature in general.
However, the tracking agent learns that Black must play
at b in this particular situation, to make two eyes.
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Figure 6. (Left) A 1⇥ 1 feature with a central black stone.
(Right) With Black to play, move b is the winning move.
Using 1 ⇥ 1 features, the converging agent plays centrally
at a, having learned that this is a good feature in general.
However, the tracking agent learns that Black must play
at b in this particular situation, to make two eyes.


