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Motivation
1. Stochastic Gradient Descent Training for L1-regularized Log-linear Models with Cumulative Penalty

➢ Stochastic gradient descent (SGD) is attractive because it often requires much less training time 
in practice than batch training algorithms. 

➢ However, L1-regularization cannot be efficiently applied in SGD training.
➢ Paper present a simple method for solving two problems in SGD learning.

2. Curriculum Learning
➢ Humans and animals learn much better when the examples are presented in order of increasing 

difficulty and organized in a meaningful order. 
➢ The paper formalizes how a curriculum can be used in the context of machine learning.

3. Combined Regression & Ranking
➢ Many real-world data mining tasks require the achievement of two distinct goals when applied 

to unseen data: first, to induce an accurate preference ranking, and second to give good 
regression performance. 

➢ The paper present an efficient and effective Combined Regression and Ranking method (CRR) 
that optimizes regression and ranking objectives simultaneously.
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Introduction

• SGD is a very attractive learning framework.

• Not efficient with L1.

• 2 problems:

• Inefficiency of applying the L1 penalty to the weights of the features.

• Doesn’t always lead to compact models.
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Introduction

• Objective: present a simple method for solving the two problems in SGD 

learning.
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Introduction

• How?

• keep track of the total penalty and the penalty applied on each 

weight

• The penalty is applied based on the difference between those 

values.
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Introduction

• How?

• vs “state-of-the-art” OWL-QN

• experiments with:

• text chunking, named entity recognition and POS tagging
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Log-Linear Models in NLP and 

L1
● Where fi indicates the occurrence of 

feature i and wi is the weight of the 
feature.

● Z(x) is a partition function that allows a 
well formed normal distribution.

plotted with: 
desmos.com

(Tsuruoka, 
2009)
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Log-Linear Models in NLP and 

L1

● Maximize the conditional likelihood of 
the data.

● N = # of training samples.
● yj is the correct output of input xj

● R is the L1-regularization term known as 
LASSO regression (Least Absolute 
Shrinkage and Selection Operator).

● C is the metaparameter that controls the 
degree of regularization. 

(Tsuruoka, 2009)
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Stochastic Gradient 

Descent(SGD)

figure source: researchgate.net
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Perceptron

figures source: neuraldesigner.com
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h(x) = Wx + b

y = a(h)



SGD - L1

• SGD-L1 (Naive).

• SGD-L1 (Clipping + Lazy Update).

• SGD-L1 (Cumulative).

• SGD-L1 (Cumulative + Exponential Decay).
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SGD - L1

● Why L1?
● Is capable of learning good models 

when most features are irrelevant.
● Many of the parameters are exactly 

zero.
● L2 “pushes” to 0 but it never reaches it.

17
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SGD and L1

The updates of the weights of the features is given by the following 
formula at the given j sample.

Then, the update for the weight of each feature i is:

figure source: wikipedia.org

(Tsuruoka, 2009)

18



SGD and L1 (naive)

(Tsuruoka, 2009)
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SGD and L1 (naive)

• Two problems:

• at each update, the penalty must be applied to all features.

• it does not produce a compact model.

• i.e. most of the weights of the features do not become zero as a 

result of training.
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SGD-L1 (Clipping + Lazy 

Update)

(Carpenter, 2008)
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SGD-L1 (Clipping + Lazy 

Update)

(Tsuruoka, 2009)
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SGD-L1 (Cumulative)

● uk is the value of the total 
penalty each weight could 
have received.

● qi
k is the total L1 penalty that 

wi has actually received. 

(Tsuruoka, 2009)
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SGD-L1 (Cumulative + Exponential Decay)

n0 and alpha are meta-parameters

desmos.com

(Tsuruoka, 2009)
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(Tsuruoka, 2009)
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OWL-QN

• Orthant-Wise Limited-memory Quasi Newton

• Scalable training of L1-regularized log-linear models

• Galen Andrew and Jianfeng Gao. 2007.

• Proposal: 

• An algorithm based on L-BFGS for training large-scale log-linear 

models using L1-regularization.
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OWL-QN

Newton

Gradient Descent

figure source: wikipedia.org
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OWL-QN

• Newton’s method: Jacobian/Hessian.

• Quasi Newton uses approximations.

• Broyden-Fletcher-Goldfarb-Shanno (BFGS).

• Convergence and quadratic Taylor Series.

• Limited-memory BFGS (L-BFGS).
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OWL-QN

• Hk: L-BFGS approximation 

to the inverse Hessian of 

the loss.

(Andrew, 2007)
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OWL-QN

• Variant of L-BFGS

• pseudo gradients.

• projection of descent onto the 

defined orthant.

• to remain in the valid region 

were the projection is valid.

• discarding the vectors from last 

iteration.

(Andrew, 2007)
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Experiments

• Conditional Random Fields (CRF):

• Text Chunking

• Named Entity Recognition

• Part-Of-Speech Tagging (POS-Tagging)
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Experiments

• Processor Xeon 2.13GHz

• CRF++ version 0.50 developed by Taku Kudo
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Experiments - Text Chunking

• Training data: 8936 sentences.

• Held-out data: 1000

• C was tuned to maximize the likelihood of the held-out data.

• The learning rate parameters were tuned to maximize the value of the 

objective function in 30 passes.

(Tsuruoka, 2009)
35



Experiments - Text Chunking

(Tsuruoka, 2009)
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Experiments - Text Chunking

(Tsuruoka, 2009)
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Experiments - Named Entity 

Recognition

• 18,546 sentences

(Tsuruoka, 2009)
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Experiments - Named Entity 

Recognition

(Tsuruoka, 2009)
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Experiments - POS-Tagging

(Tsuruoka, 2009)
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Experiments - POS-Tagging

(Tsuruoka, 2009)
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Criticism

• Google Scholar references since 2009: 161

• “State-of-the-art” Google Scholar references since 2007: 459
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Criticism

• Experiments section is not detailed:

• Software and hardware description is shallow.

• Why did they use the held-out data in the training?

• Why did they not use the same amount of features for each variant 

during the experiment?
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Conclusions

• As future work, they discussed that it would be interesting to tune the 

metaparameters of the learning rate in an automatic way. Existing 

algorithms are too expensive.

• They presented a variant of SGD that can efficiently train L1-regularized 

log-linear models.

• The authors demonstrated empirically that their training algorithm can 

produce compact and accurate models much more quickly than OWL-

QN.

• Trying to find the shortest/straight path to a minimum is expensive and 

complex.

46



Annex 1

image source: Stewart, 
2011

image source: Stewart, 
2011

image source: 
brilliant.org

image source:  
chegg.com
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Annex 2

(Andrew, 
2007)
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1. General Information about the paper

• Authors: Yoshua Bengio, Jérôme Louradour, Ronan Collobert, Jason Weston

• The paper: Published in Proceedings of the 26th International Conference 
on Machine Learning, Montreal, Canada, 2009. 

• Citation: Cited 748 times (as of 4/5/2018)

• Available at: 
https://qmro.qmul.ac.uk/xmlui/bitstream/handle/123456789/15972/Bengi
o%2C%202009%20Curriculum%20Learning.pdf?sequence=1

https://qmro.qmul.ac.uk/xmlui/bitstream/handle/123456789/15972/Bengio, 2009 Curriculum Learning.pdf?sequence=1


2. What is the paper about?
- Motivation

“Humans and animals learn much better when the examples are 
not randomly presented but organized in a meaningful order ... 
Training is highly organized based on an education system and a 
curriculum which introduces different concepts at different times 
... to ease the learning of new abstractions.”

From previous research (Elmann, 1993; Rohde & Plaut, 1999; Krueger & 
Dayan, 2009) which have raised the question: 

Can machine learning algorithms benefit from similar 
training strategy?



• Formalize curriculum learning strategies in the context of machine 
learning

• Explore curriculum learning in various setups

• Show that significant improvements in generalization can be achieved

• Hypothesis that curriculum learning has an effect on the speed of 
convergence

• In the case of non-criteria, curriculum learning can affect the quality 
of the local minima

• How a curriculum can be seen as a continuation method

2. What is the paper about?
- Objectives



3. Contributions

• Explore cases involving vision and language tasks that show that a 
curriculum learning can benefits machine learning

• Show how curriculum strategies improved generalization and give rise 
to faster convergence

• Introduce a hypothesis which may help to explain why curriculum 
learning can help find a better local minima of a non-convex training 
criterion

• Explore the relation of curriculum learning with other strategies 
proposed



4. A curriculum as a continuation method
- Continuation Methods

• Continuation methods are optimization strategies for dealing with 
minimizing non-convex criteria.

• Involves a sequence of training
1. Starting from one that is easier to optimize

2. Increasing difficulty in optimization

3. Ending with training criterion of interest



4. A curriculum as a continuation method
- Continuation Methods

• E.g.

• Using continuation methods:
1. Minimize C0

2. Gradually increase 𝝀while keeping 𝛉 at a local minimum

3. Till reach the criterion of interest C1



• Introduce the idea that a curriculum can also be a sequence of 
training criteria.

• Each training criteria is associated with a different set of weights on 
the training examples.

1. Initially, the weights favour “easier” examples or examples illustrating the 
simplest concepts that can be learned most easily.

2. The next training criterion is a slight change in the weighting of example.

3. The probability of sampling slightly more difficult examples increases.

4. At the end of the sequence, the reweighting of the examples is uniform.

4. A curriculum as a continuation method
- How a curriculum can be a continuous method



5. Methodology
- Notations



• The training distribution at step 𝜆 is:
𝑸𝝀(𝔃) ∝ 𝑾𝝀(𝔃) 𝑷(𝔃) ∀𝔃

• Such that 𝑸𝝀(𝔃)𝒅𝔃 = 𝟏 ∀𝔃

• By monotonically increasing 𝝀, from 𝝀 = 0 to 𝝀 = 1
• 𝑸𝝀 is called a curriculum if the entropy of these distributions 

increases
𝑯(𝑸𝝀) < 𝑯(𝑸𝝀 + 𝝐) ∀𝛜 > 𝟎

• 𝑾𝝀(𝔃) is also monotonically increasing
𝑾𝝀 +𝝐(𝔃) ≥ 𝑾𝝀(𝔃) ∀𝔃, ∀𝛜 > 𝟎

5. Methodology
- Description



5. Methodology
- Illustration

1. Q λ is a finite set of examples

2. Increasing λ means adding new examples to that set

3. Support of Q λ increases with λ
➢The entropy increase so as to increase the diversity of training examples

4. The training distributions:
1. Start with a small set of easy examples

2. Slight change in 𝑾𝝀(𝔃) that increase the probably of more difficult
examples as they get added.

3. At the end all examples will have an equal weight of 1.

4. Train on the target training set.



6. Experiments: Toy Experiments with a convex Criterion
- Introducing Gradually More Difficult Examples speeds-up 

Online Training

Train a Perceptron from artificially generated data by introducing
gradually more difficult examples.

Notations:



6. Experiments: Toy Experiments with a convex Criterion
- Introducing Gradually More Difficult Examples speeds-up 
Online Training

Definition of Easy and Difficult examples
• Train the perceptron from easy examples to most difficult ones.

• Easy examples: with all irrelevant inputs zeroed out
• Difficult examples: with none of the irrelevant inputs zeroed out.

• Another way to differentiate between easy and difficult
• By the margin 𝓎𝓌′𝓍.
• Easy examples: larger margin
• Difficult examples: smaller margin values

• Increase the difficulty levels in each step by increasing the weights of 
the examples.



The Experiment

• Train the perceptron with 200 examples
• i.e. 200 perceptron updates

• Mesure generalization error at the end of training

• Averaged error across 500 repetitions 
• from different initial conditions 

• and different random sampling of training examples

6. Experiments: Toy Experiments with a convex Criterion
- Introducing Gradually More Difficult Examples speeds-up 
Online Training



Results

• Error rate between the curriculum strategy and the no-
curriculum strategy are statistically significant.

6. Experiments: Toy Experiments with a convex Criterion
- Introducing Gradually More Difficult Examples speeds-up 
Online Training



6. Experiments: On Shape Recognition

Objective
➢Classify geometrical shapes into 3 classes:
▪ Rectangle
▪ Ellipse
▪ Triangle

Input
➢ 32 x 32 grey-scale image

Datasets
➢ BasicShapes
➢GeomShapes



Definition of Easy examples

➢BasicShapes:
• Squares
• Circles
• Equilateral triangles

6. Experiments: On Shape Recognition



Definition of Difficult examples

➢GeomShapes:
• Rectangles
• Ellipses
• Triangles

6. Experiments: On Shape Recognition



Difference between BasicShapes and Geomshapes:
➢ BasicShapes exhibit less variability in shape

Similarities between BasicShapes and Geomshapes:
➢ Variabilities in both:

1. Object position

2. Size

3. Orientation

4. Grey levels of the foreground and background

6. Experiments: On Shape Recognition



The Experiment

• Carried out on a multi-layer neural network with 3 hidden 
layers

• The curriculum consists in a 2-step schedule:
1. Perform gradient descent on the BasiShapes training set, until

“switch epoch” is reached

2. Then perform gradient descent on the GeomShapes training set.

• An epoch is a stochastic gradient descent pass through a
training set of 10000 examples.

6. Experiments: On Shape Recognition



The Experiment

• After switching to the target training distribution, training 
continues until:

1. 256 epochs

2. Or validation set error reaches a minimum (early stopping)

• Used 10000 examples in both sets, 5000 examples for
validation and 5000 for testing.

6. Experiments: On Shape Recognition



Results

➢Generalization error is evaluated on GeomShapes test set

➢Baseline: Training only on GeomShapes training set
(for the same number of training epochs). 

Switch epochs = 0

➢Distribution test errors:
1. Over 20 different random seeds

2. Different values of switch epochs
• 0: The baseline with no curriculum

• Powers of 2 until 128

6. Experiments: On Shape Recognition



Results

6. Experiments: On Shape Recognition

➢ Figure shows the distribution test 
error after early stopping.

➢ Each box corresponds to 20 seeds 
for initializing the parameters.

➢Horizontal line: Median (50th

percentile)
➢Borders: 25th and 75th percentile
➢ End of bars: 5th and 95th percentile

Observation:
• Best generalization is obtained by doing a 2 stage curriculum.



Potential issue

Curriculum-trained model overall saw more examples than the 
no-curriculum examples.

To eliminate the explanation that better results are obtained 
with the curriculum-trained model:
➢Trained a no-curriculum with union of BasicShapes and GeomShapes:

• Final test error significantly worse than with the curriculum

➢Trained only with BasicShapes:
• Yielded poor results

6. Experiments: On Shape Recognition



Objective

➢Train a language model for predicting the best word which can follow 
a given context of words in a correct English sentence.

➢Compute a score for the next word that will have a large rank 
compared to the scores of other words
➢Given any fixed size window of text s, a language model 𝑓 𝑠 produces a 

score for these windows of text.

➢The score of a correct windows s should be larger, by a margin of 1, than any 
other word sequence 𝑠𝑤 where the last word has been replaced by another 
word w.

6. Experiments: On Language Modeling



Ranking Loss Function

The ranking loss over sequences s sampled from a dataset 𝑺 of 
valid English text windows:

𝐶𝑠 = 

𝑤 ∈ 𝒟

1

|𝒟|
𝐶𝑠,𝓌 = 

𝑤 ∈ 𝒟

1

|𝒟|
max 0, 1 − 𝑓 𝑠 + 𝑓 𝑠𝑤

Where 𝒟 is the word vocabulary.

For each word sequence s
• 𝑓 𝑠 and 𝑓 𝑠𝑤 is computed 

• And the gradient of max 0, 1 − 𝑓 𝑠 + 𝑓 𝑠𝑤

6. Experiments: On Language Modeling



Architecture of language model
6. Experiments: On Language Modeling

➢ The first layer extracts features for each word in a sentence.
Map words into real-valued vectors

➢ The second layer extracts features from the sentence treating 
it as a sequence with local and global structure (i.e., it is not 
treated like a bag of words).
▪ Each word i is embedded into a d-dimensional space 

using a look-up table LTw (.)
▪ An input window {s1, s2,.... sn} of n words in D is transformed into 

a series of vectors {Ws1,Ws2,.... Wsn} by applying the look-up table 
to each of its words

➢ Vectors Obtained by the look-up table layer are then 
concatenated and fed to a classical linear layer.

➢ Following the 3 above layers is a non-linearity, tanh(.)
➢ The score of the language model is finally obtained after a 

linear layer.



6. Experiments: On Language Modeling

The Experiment

➢Training set S is all the possible windows of text of size = 5 from Wikipedia

➢Obtained 631 million of windows

➢The curriculum is chosen to grow the vocabulary size:
1. First pass over Wikipedia was performed using the 5000 most frequent words in 

the vocabulary

2. Which is then increased by 5000 words at each subsequent pass through 
Wikipedia

3. At each pass, any window of text containing a word not in the considered 
dictionary was discarded.

➢The training set is thus increased after each pass through Wikipedia.



Results

• The ranking loss is minimized using stochastic gradient descent.

• Compare against no curriculum
• Where the network is trained using final desired vocabulary size of 20,000.

• Evaluation criterion:
• Is the average of the log of the rank of the last word in each test window

• Taken in a test set of 10,000 windows not seen during training

• With words from the most 20,000 frequent ones.

6. Experiments: On Language Modeling



Results

6. Experiments: On Language Modeling

➢The log rank on the target 
distribution with the curriculum 
strategy crosses the error of the 
no-curriculum strategy after 
about 1 billion updates.
▪ Shortly after switching to the target 

vocabulary size of 20 000 words and 
the difference keeps increasing 
afterwards.

➢The final test set average log-
ranks are 2.78 and 2.83 
respectively and the difference is 
statistically significant.



7. Potential advantages of a curriculum strategy

➢Faster training time in the online setting because the learner wastes 
less time with noisy or harder to predict examples, when the learner 
is not ready yet.

➢Guiding training towards better local minima in parameter space, 
specifically useful for non-convex methods.

➢A curriculum can be seen as a continuation method



8. Relation to other machine learning approaches

➢Unsupervised pre-training procedures: An appropriate curriculum 
strategy acts to help the training process 
▪ faster convergence to better solutions and both methods have a regularizing 

effect and lower the generalization error for the same training error

➢Active Learning: The learner benefits most from focussing on 
“interesting examples” which are close to the learner's frontier of 
knowledge instead of focussing on examples that are “too easy” or 
“too hard”. The learner could succeed to capture and gradually 
expand its border



8. Relation to other machine learning approaches

➢Boosting algorithm: Difficult algorithm are gradually emphasized.
▪ However, a curriculum starts by focussing on the easier examples rather than 

a uniform distribution over trained set

➢Transfer and lifelong learning: Initial tasks are used to guide the 
learner so that it will perform better on the final task learning to 
improve generalization.
▪ Curriculum learning adds the notion of guiding the optimisation process to 

converge better or towards better local minima



9. Conclusion

➢Started with the question “Can machine learning algorithm benefit 
from a curriculum strategy?”

➢From the experiments, it is plausible that some curriculum strategies 
work better than others

➢Better results could be obtained with more appropriate curriculum 
strategies

➢It would be useful to understand general principles that makes some 
curriculum work better than others and why.



Criticism

• In the experiments concerning the convex criterion:
• Anti-curriculum performs better than no-curriculum.

• Given that curriculum learning is modelled on the idea that learning benefits 
when examples are presented in order of increasing difficulty, one would 
expect anti-curriculum to perform worse.

• The results of the experiments were all compared to the results of a 
no-curriculum model:

• The paper could have explored how a curriculum strategy can perform better 
than existing machine learning approaches.
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1. General information about the paper

• The author: D. Sculley is a Manager, Tech Lead and Staff Software 
Engineer at Google, Inc. (Research at Google)

• The paper: Published in the Proceedings of the 16th ACM SIGKDD 
international conference

• The conference is hosted by SIGKDD (specialised interest group on knowledge 
discovery and data mining)



What is the paper about?

• The paper argues that combining regression and ranking methods is 
beneficial for many real world tasks.

• General throwback: Doesn’t good regressing performance already include 
accurate ranking?

• On the other hand one could ask why not (combining both)?

• What is fundamental about it? (for text analysis and application)
• Typical supervised machine learning problem

• Easy to implement algorithm – stochastic gradient descent (popular method)



What is the paper about?
- Goal of the paper
• Claim: 

The combined method achieves the same performance as (& 
sometimes outperforms) regression- and ranking-only methods for    
large scale experiments

• The combined regression and ranking (CRR) algorithm gives optimized 
regression and ranking results simultaneously

• CRR as an “easy to implement” – optimization algorithm 
• Through the use of stochastic gradient descent

• Efficient for the use of large-scale data sets



What is the paper about?
- Motivation: Ranking vs. Regression
• Case: extreme minority classes 

• example, the query (=target) for a search on the web is very specific. 

• Disproportionately high amount of target values y=0 → easy to predict

• But almost useless trying to optimize ranking
• Because features of minority class (y=1) are treated as noise and hence mainly ignored, 

there’s a high probability of them being ranked “not relevant” 

→ we still need good regression and good ranking for web-search results

• Case: order-preserving transformation in ranking
• Invariance of pairwise loss



What is the paper about?
- Motivation: Why combining?
• “Many real world tasks require the achievement (…)” of both

• (D. Sculley, Combined Regression and Ranking, 2010, p.1)

• Arguments:
• Perfect regression results do not imply good ranking (extreme minority class)
• Don’t loose out on performance for both goals 
• Overall enhancement of the regression result (rare events)

• Examples of where both ranking and regression are useful:
• Text classification (Experiment 1)
• Ranking concerning Web-search results (Experiment 2)
• Click-Prediction for sponsored ads – commercial application (Experiment 3)



Methodology
-Learning and testing

• Here:  Labels     → 𝑦
Features → 𝒙
Superv. Learning  →optimization – minimizing loss functions

(through stochastic gradient descent)

Source: https://www.semanticscholar.org



Methodology
-Notation & Preliminaries

• 𝑦𝑎 > 𝑦𝑏 implies a is preferred to/ranked better than b
• 𝑞 is the identifier for the query shard – if there is no query shard : 𝑞 = 1

• “Input” space: 𝑿 and “Output” space: 𝒀

• Training set D drawn i.i.d. from 𝜇 𝑧 on 𝑍 = 𝑋 × 𝑌



Methodology
-minimizing Train-Loss

• Find w such that TrainLoss(w) is minimized 

• Note: the plot is one dimensional, but w is actually R-dimensional
→ in general, not possible to set w to a single value that makes every example have low loss.

Source: https://web.stanford.edu/class/cs221/lectures/learning1.pdf



Methodology
-Loss functions measuring TrainLoss
• Supervised regression:

𝐿 𝑤,𝐷 =
1

|𝐷|
σ(𝑥,𝑦,𝑞)∈𝐷) 𝑙(𝑦, 𝑓 𝑤, 𝑥 ) (aggregated loss)

• Supervised ranking:           

𝐿(𝑤, 𝑃) =
1

|𝑃|
σ( 𝑎,𝑦𝑎,𝑞𝑎 ,(𝑏,𝑦𝑏,𝑞𝑏)∈𝑃)

𝑙(𝑡(𝑦𝑎 − 𝑦𝑏), 𝑓 𝑤, 𝑎 − 𝑏)

• Function type: standard convex

• Squared loss → classical LMS regression method

𝑙 𝑦, 𝑦′ = (𝑦 − 𝑦′)2

• Logistic loss → predicting real valued probability scores (ranking)

𝑙 𝑦, 𝑦′ = 𝑦 log(𝑦′) + 1 − 𝑦 log(1 − 𝑦′)



Methodology
-Loss function Example
• Squared loss Example :

• 𝑙 𝑦, 𝑓 𝑤, 𝑥 = (𝑦 − 𝑓 𝑤, 𝑥 )2 Where 𝑓 𝑤, 𝑥 = 𝒘 ∙ 𝒙

• Example: 𝒘=[2,-1], 𝒙=[2,0] and 𝑦= -1

• Then the loss is 25
• [ −1 − ( 2 × 2 + ((−1) × 0))]2= 25



Methodology
-Optimization Problem

• Linearly combining aggregate losses into one min. problem:

min
𝑤∈ℝ

𝛼𝐿 𝒘,𝐷 + 1 − 𝛼 𝐿 𝒘, 𝑃 +
𝜆

2
𝒘 2

2 (𝛼 ∈ [0,1])

• (combined) Empirical Risk Minimization (ERM) with L2-regularization:

• Linear model represented by 𝒘: convex data fitting term + “regularizer”
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• Solution should:

• Generalize (convergence with increasing number of examples - predictive)
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Methodology
-Optimization Problem

• Linearly combining aggregate losses into one min. problem:

min
𝑤∈ℝ

𝛼𝐿 𝒘,𝐷 + 1 − 𝛼 𝐿 𝒘, 𝑃 +
𝜆

2
𝒘 2

2 (𝛼 ∈ [0,1])

• (combined) Empirical Risk Minimization (ERM) with L2-regularization
• Solution should:

• Generalize (convergence with increasing number of examples - predictive)

• Be Stable (low complexity)
• λ is the regularization parameter

• prevents the model from predicting noise

• penalising additional information that doesn’t reduce the error of the model significantly



Methodology
-CRR Algorithm
• Outputs w where the objective 

achieves min. value

• Sampling from P 

• Stochastic gradient descent -
efficiently reduces training times

• Stochastic Gradient Step for squared loss:

1 − 𝜂𝑖𝜆 𝐰𝑖−1 + 𝜂𝑖 𝒙 𝑦 − 𝐰𝑖−1, 𝒙

• Stochastic Gradient Step for logistic loss :

1 − 𝜂𝑖𝜆 𝐰𝑖−1 + 𝜂𝑖 𝒙(𝑦 −
1

1+𝑒− 𝐰𝑖−1,𝒙
)

Source: D. Sculley (2010)



Methodology
-Learning with Stochastic Gradient Descent

Source: https://www.semanticscholar.org



Methodology
Stochastic Gradient Step
• Deriving the gradient step for squared loss: 1 − 𝜂𝑖𝜆 𝐰𝑖−1 + 𝜂𝑖 𝒙 𝑦 − 𝐰𝑖−1, 𝒙

• The prediction function: 𝑓 𝑥, 𝑤 = 𝐰𝑖−1, 𝒙

• 𝐰 ← 𝐰𝑖−1 − 𝜂𝑖 −𝜆𝐰𝑖−1 + ∇𝑤[(𝑦 − 𝑓 𝒙,𝒘 )2]

• 𝐰 ← 𝐰𝑖−1 − 𝜂𝑖 −𝜆𝐰𝑖−1 +
𝜕

𝜕𝑤
[(𝑦 − 𝑓 𝒙,𝒘 )2]

• 𝐰 ← 𝐰𝑖−1 − 𝜂𝑖 −𝜆𝐰𝑖−1 + 𝒙[𝑦 − 𝐰𝑖−1, 𝒙 ]

• 𝐰 ← (1 − 𝜆𝜼)𝐰𝑖−1 − 𝜂𝑖 𝒙[𝑦 − 𝐰𝑖−1, 𝒙 ]

• 𝐰 ← 1 − 𝜂𝑖𝜆 𝐰𝑖−1 + 𝜂𝑖 𝒙 𝑦 − 𝐰𝑖−1, 𝒙

• 𝑖 denotes the iteration step hence, for each iteration SGD picks random training data (𝒙, 𝑦) and updates 𝒘
on this example only.



Methodology
-Evaluation / Performance Metrics
• Regression metric:

𝑴𝑺𝑬 =
1

𝐷
σ(𝑥,𝑦,𝑞)∈𝐷𝑡)

(𝑦 − 𝑓 𝒘, 𝒙 )2

• Ranking metrics:
𝟏 − 𝑨𝑼𝑪 𝑳𝒐𝒔𝒔

Probability that the model ranks a randomly chosen observation with 𝑦 = 0 (by 
mistake) higher than a randomly chosen observation with 𝑦 = 1



Methodology
-Performance Metrics continued
• Ranking metrics:

• 𝑴𝑨𝑷 = 𝑎𝑟𝑖𝑡ℎ𝑚𝑒𝑡𝑖𝑐 𝑚𝑒𝑎𝑛 𝑜𝑓 𝑨𝑷(𝒒)

𝑨𝑷 𝒒 =
1

𝑟𝑞
σ𝑛=1

𝑄
𝑃@𝑛 ∗ 𝑟(𝑛) 𝑤ℎ𝑒𝑟𝑒 𝑃@𝑛 =

𝑟𝑛

𝑛

• Relevant vs. irrelevant examples across query shard set 

• 𝒓 𝒏 returns 1 if example n is relevant and 0 otherwise.

• NDCG = 𝑍𝑛 σ𝑗=1
𝑛 2

𝒚𝒋−1

log(1+𝑗)

• quality of ranking for multiple levels of relevance 



Experiments

• Benchmark: Checking effectiveness of CRR against natural competitors: 
regression- and ranking-only.

• On one hand, a good strategy to prove the “best of both” argument.

• On the other hand, fairly easy to show that ranking-only method is outperformed by 
CRR when it comes to tasks where regression takes a considerable role and vice versa 
for regression-only tasks. 

• 2/3 experiments use publicly available benchmark datasets for text-mining 
(RCV1) and document ranking (LETOR).

• The third experiment, regarding click prediction uses a proprietary dataset.



Experiments
-RCV1 Experiment
• RCV1 (or RCV1-v2/LYRL2004) is a text categorization test collection 

distributed as on-line appendices.
• Large dataset, sparsity, different class distribution levels 
• Use larger split (781,265 examples) of dataset for training, and the smaller 

(23,149) for testing.
• Logistic loss
• 1,000,000 stochastic gradient descent steps
• 40 topics chosen out of 103

• Goal:
• predict excellent ranking (relevant vs. irrelevant topic identification) 
• and get good overall topic-based relevance scores (regression part)



Experiments
-RCV1 Experiment - Results
• CRR gives desired result: Best of both performance 

• Best MSE and best AUC Loss in 16/40 topic-identifications (*)

• In 19/40 cases CRR achieves best performance in one metric and in range of 
0.001 of the best performance of the other metric. 

• For all 40/40 cases CRR achieves best performance in at least one metric
(considering that α is set to 0.5)

• CRR performs notably good on the MSE metric concerning minority class 
distributions (<10%) and outperforms regression-only in 20/33 cases.

→ adding ranking information to minority class regression problems 
enhances regression performance.

• CRR benefits diminish as class-distribution →more evenly balanced



Experiments
-RCV1 Experiment -Results

Source: D. Sculley (2010)



Experiments
-LETOR Experiment 
• Public benchmark data: LETOR 4.0 learning to rank data set

• 2 tasks in the data set (MQ2007,MQ2008) drawn from TREC challenge data sets in 
information retrieval

• Relevance labels (such as star indication): {0,1,2}
• Querysharded + dense information retrieval features (TF-IDF similarities, 

PageRank,…)
• Commonly used for ranking-only purposes.

• Goal: propose relevant documents to the end user 
• Obtain accurate ranking
• Predicting actual relevance value of a document (regression)

• Why?
– Search engines could annotate (query-independent) relevance scores and quality 
thresholds for documents.



Experiments
-LETOR Experiment - Results
• CRR does not give the desired result: Not Best of Both performance.

• Performs as good as ranking-only

• MSE metric performs better for CRR compared to ranking-only, but only 
approaches the one for regression-only.

• Overall, the performance is not too bad, considering that class 
distribution is fairly balanced.



Experiments
-LETOR Experiment - Results

Source: D. Sculley (2010)



Experiments (commercial application)
-Click Prediction Experiment
• Advertisement Impression - Data from live traffic on Google Search 

• Several million advertisement impressions

• Each example: high-dim. Representation of ad together with label 1 (clicked) 
or 0 (not clicked)

• Goal: which advertisement to show when user enters a search query?
• Usefulness of CRR:

• Real-time auctions for ad-placements are ranked based on: bid*(price(CTR)) (ranking)

• ad-pricing is governed by “next price auction” (need to predict the price at the next 
lower rank) (regression)



Experiments
- Click Prediction Experiment - Results

• CRR gives desired result: Best of 
both performance

• AUC Loss is equal to that in 
ranking-only and MSE performs 
as well as in regression-only

• Improvement in AUC Loss: 
“small”, but statistically 
significant

Source: D. Sculley (2010)



Future Work 

• Could extend the CRR algorithm to non-linear functions
• Instead of predictions depending on dot product ( 𝒘,𝒙 ), one could  use 

similarity measure and map features (𝒙) to new features (𝒙’).

• Applying L1 regularization (sparse models)

• Increase sophistication of ranking functions
• from pairwise approach to direct optimization of MAP/NDCG

• Verifying CRR performance for predicting bounce rates



Conclusion & own Thoughts (Results)

• From the experiments CRR gives 2/3 times the desired result:
“Best of Both Performance” (text-mining tasks and click-prediction)

• Concerning text mining, combining regression and ranking enhances 
mainly the results for minority class distributions

• In this case, regression results benefit more from the fact that ranking is added as 
another information constrain to the optimization problem in rare events.

• Ranking tasks itself are not necessarily improved by regression and hence 
CRR does not necessarily outperform ranking-only (2nd experiment)

• On the other hand, the distribution was predominantly evenly distributed.



Conclusion & own Thoughts (Methodology)

• The choice of the loss function: is squared loss appropriate?

• We could also use the absolute value, or L1 loss:

𝑉 𝑓 𝑥 , 𝑦 = 𝑓 𝑥 − 𝑦

which is less prone to outliers.

• Gradient Descent is usually slow
• each iteration needs to go over the whole training example set (expensive)



Appendix-SGD
• Numerical example – Gradient Step

• Suppose: 𝐽 𝑤 = 𝑤 − 2 2 + 1 , initial guess for a min: 𝑤0 = 3

• Iteration 1: 𝒘𝟏 = 𝑤0 − 𝜆
𝜕𝐽 𝑤0

𝜕𝑤

= 3 − 0.25 2 ∗ 3 − 4
= 𝟐. 𝟓

• Iteration 2: 𝒘𝟐 = 𝑤1 − 𝜆
𝜕𝐽 𝑤1

𝜕𝑤

= 2.5 − 0.25 2 ∗ 2.5 − 4
= 𝟐. 𝟐𝟓

• Iteration 3: 𝒘𝟑 = 𝑤2 − 𝜆
𝜕𝐽 𝑤2

𝜕𝑤

= 2.25 − 0.25 2 ∗ 2.25 − 4
= 𝟐. 𝟏𝟐𝟓

Source: https://pdfs.semanticscholar.org/presentation/c133/a0f119b917a91ad7cdf30bd26ae6e31c51b2.pdf

https://pdfs.semanticscholar.org/presentation/c133/a0f119b917a91ad7cdf30bd26ae6e31c51b2.pdf


Appendix-SGD
• SGD in terms of expectations

• Since 𝑙 𝒘 = 𝐸𝒙(𝑙 𝒘, 𝒙 ) = 𝑝 𝒙 𝑙 𝒘, 𝒙 𝑑𝒙

• ∇𝑤𝑙 𝒘 = ∇𝑤[𝐸𝒙 𝑙 𝒘, 𝒙 ) = 𝐸𝒙[∇𝑤𝑙 𝒘, 𝒙 ]

• Then

• 𝐰 ← 𝐰𝑖−1 − 𝜂𝑖 𝐸𝒙[∇𝑤𝑙 𝒘, 𝒙 ] → we can’t compute this

• Need to approximate with sample data:

• ∇𝑤𝑙 𝒘 ≈ σ𝒊=𝟏
𝑫 ∇𝑤𝑙 𝒘, 𝒙

𝑖

• So if we have just one sample (as is the case for SGD- we’re updating for each 
drawn sample), this approximation is very noisy

• Need to penalize for this noise → −𝜆𝐰𝑖−1



Appendix-ERM
• ERM and generalization

Under which 
conditions does 
the ERM line 
converge with 
increasing 
numbers of 
examples. 

Source: http://www.mit.edu/~9.520/spring11/slides/class02.pdf



Appendix-ERM and complexity/stability

➔

fit smoothest 
polynomial

(high complexity)

Source: http://www.mit.edu/~9.520/spring11/slides/class02.pdf

➔

model predicts
relatively bad
now with this 

fitting 
(the solution 
changes a lot)



Comparison among the three papers

• Similarities:
• Training a model

• Minimizing loss 

• Stochastic gradient descent methods as a fundamental/easy to implement 
and efficient algorithm step to optimize training time. (practical for large 
datasets)

• Differences:
• L1 regularization vs. L2 regularization
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