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IST Austria (Institute of Science and Technology Austria)

I institute for basic research

I opened in 2009

I located in outskirts of Vienna

Research at IST Austria

I curiosity-driven

I all natural/formal sciences
I machine learning: ELLIS unit

I focus on interdisciplinarity

We're hiring! (on all levels)

I interns, graduate school, postdocs,
faculty (tenured or tenure-track), . . .

More information: http://mlcv.ist.ac.at or chl@ist.ac.at 2 / 39



Topics in Our Research Group

Machine Learning Theory

I Transfer Learning

I Lifelong Learning/ Meta-learning

I Robust Learning

I Theory of Deep Learning

Models/Algorithms

I Zero-shot Learning

I Continual Learning

I Weakly-supervised Learning

I Trustworthy Learning

Learning for Computer Vision

I Scene Understanding

I Generative Models

I Abstract Reasoning

I Semantic Representations
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Schedule

Overview

Refresher: Inductive Bias

Meta-Learning Beyond "More of the Same"

Slides available at: http://cvml.ist.ac.at
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Core challenge in ML: continuously improving systems

life long learner

data
solution

Task 1

Task 2 data
solution

data
solution

Task 3
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Transfer Learning � What you see at 2020s conferences
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Multi-Task Learning Domain Adaptation Incremental Learning
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Meta-Learning Lifelong Learning Zero-Shot Learning

many more: curriculum learning, self-paced learning, weakly-supervised learning, self-supervised

learning, . . . , not to mention reinforcement learning etc.
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Refresher: Inductive Bias
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Statistical learning theory � minimizing the risk

Learning task:
I input set X , output set Y , loss function ` : Y × Y → R.

I e.g. X = {set of all images}, Y = {cat, dog, neither}, `(y, y′) =

{
0 if y = y′

1 otherwise

I probability distribution D on X × Y

Goal:
I �nd a predictor, f : X → Y , that works well on future data, i.e. has small risk

er(f) = E(x,y)∼D
(
`(y, f(x)

)
Learning Algorithm: L : (X × Y)n → {f : X → Y}

I for example: minimize training error

L(f) = min
f :X→Y

êr(f) for êr(f) =
1

|S|
∑

(x,y)∈S

`(y, f(x))
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No Learning Without Bias [T. Mitchell. "The Need for Biases in Learning Generalizations", Rutgers CS CBM-TR-117, 1980]
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Inductive Biases

Traditional Machine Learning

Inductive bias determined by

I which functions can be represented?
→ hypothesis class

I which functions is actually selected?
→ e.g. regularization

Reasonably well understood

I lower complexity (e.g. VC-dim)
means fewer samples are needed

Deep Machine Learning

Inductive bias determined by

I which functions can be represented?
→ model architecture

I which functions are actually selected?
→ e.g. regularization, optimization
algorithm, parameter initialization, . . .

Not well understood

I double descent phenomenon,
adversarial examples, . . .
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No a priori best bias [D. Wolpert. "The Lack of A Priori Distinctions Between Learning Algorithms", Neur. Comp. 1996]
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Meta-Learning

I Given: datasets for multiple related tasks

I Goal: �nd an inductive bias that works well on future tasks

I Open questions:
I What do we mean by "related"?
I What do we mean by "work well"?
I What is a "future task?"
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Baxter's Learning to Learn Scenario [J. Baxter, ML 1997]

Assumption: tasks don't just appear arbitrary.

I there is an task environment (T , τ):
I T is the set of possible tasks,

t = (X ,Y, `,H, Dt) ∈ T
I τ is a distribution over T .

I observed tasks are samples from the

environment, t1, . . . , tT
i.i.d.∼ τ ,

I e.g. users who visit a website

I observed training sets are sampled from

task-speci�c distribution, St
i.i.d.∼ Dt.

I e.g. which ads the user clicks on

[J. Baxter. "A Bayesian/Information Theoretic Model of Learning to Learn via Multiple Task Sampling". Machine Learning, 1997]
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Baxter's Learning to Learn Scenario [J. Baxter, ML 1997]

Meta-learning:
Use S1, . . . , ST to construct a learner

L : (X × Y)n → {f : X → Y},

that is good at learning future tasks from
(T , τ), i.e.

I new task t∗ ∼ τ , data distribution D∗

I training set for this task, S∗
i.i.d.∼ D∗,

I learner should produce a good predictor,
i.e. risk er(L(S∗)) should be small

[J. Baxter. "A Bayesian/Information Theoretic Model of Learning to Learn via Multiple Task Sampling". Machine Learning, 1997]
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Baxter's Learning to Learn: Empirical Process View

I Learners minimize the training error over some hypothesis space:

LH(S) = argmin
f∈H

êr(f ;S)

I Learning the learner ≡ learning the hypothesis space H

Theorem: Let H be a set of hypothesis spaces. If H has �nite capacity, then it
holds uniformly for all H ∈ H:

ES∗ [erD∗(LH(S∗))] ≤
1

T

T∑
t=1

êrt(LH(St)) +O(
1√
n

+
1√
T

)

Theorem provides a principled way to �nd promising H

I minimize right hand side: argmin
H∈H

1

T

T∑
t=1

min
ft∈H

êr(ft;St)

I H encodes a meta-inductive bias (or inductive meta-bias?)
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Baxter's Learning to Learn: Empirical Process View

Example Setting: feature learning

I �xed neural network architecture:
I �rst L layers: feature extraction φθ,
I remaining L′ layers: classi�er fη

I Hθ = { all classi�ers fη for �xed features φθ }
I H = { Hθ : θ ∈ Θ }

Result: given enough tasks, the quality of a feature
map for prior tasks approximates its quality on future
tasks inputs

outputs

θ

η
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Pentina's Lifelong Learning Scenario: PAC-Bayesian View [A. Pentina, CHL. ICML 2014]

More modern view of generalization:
I arbitary learning algorithm, randomized learning, task-incremental updates

Standard PAC-Bayesian Setting
I P,Q distributions over hypothesis space H
I prior: P (set without having seen dataset set S)
I posterior: Q = A(P, S) for some learning algorithm A

PAC-Baysian Lifelong Learning: learn the prior distribution
I hyper-prior: P (set without having data for tasks)
I hyper-posterior: Q
I prior for new task is sampled P ∼ Q

Applications:
I feature learning, biased regularization, learning the initialization, . . .

[A. Pentina, C.H.L. A PAC-Bayesian bound for Lifelong Learning", ICML 2014]
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PAC-Bayesian Meta-Learning � Main Result [Pentina, CHL. ICML 2014]

Theorem (over-simpli�ed): PAC-Bayesian Bound for Meta-Learning

∀Q erQ(Qt∗) ≤ 1

T

T∑
t=1

[
êrQ(Qt) +

1√
n
EP∼Q{KL(Qt‖P )}

]
+

1√
T

KL(Q‖P) + . . .

Theorem yields:
I principled algorithm for learning Q: minimize right hand side

I �rst term: training error on observed tasks
I second term: per-task regularizer (Qt = A(St, Pt) should be close to Pt)
I third term: meta-regularizer (Q should stay close to P)

I insight: meta-learning needs meta-regularization, or meta-over�tting might occur!
18 / 39



Discussion

When can meta-learning guarantee generalization to future tasks?

Main assumptions: a lot of the same kind of tasks

I tasks (observed and future) are i.i.d. samples from a task environment (T , τ)

I once we've seen enough, we essentially know what can happen in the future

Sometimes, this task-i.i.d. assumption might be okay

I e.g., tasks are customers on a shopping website, . . .

Often, it is not "realistic":

I tasks might not be independent, e.g. referral programs, repeating tasks, . . .

I tasks might not be identically distributed, e.g. increasing di�culty.
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Beyond "More of the same"?

Dependent Tasks [A. Pentina, CHL. NeurIPS 2015] Consistently Changing Tasks [ditto]

But: generalization still based on some law of large numbers argument

[A. Pentina, CHL. Lifelong Learning with Non-i.i.d. Tasks", NeurIPS 2015]
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Meta-Learning Beyond "More Of The Same"
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Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·

Given:
I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)

I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

Learning a sequence of tasks:

· · ·
Given:

I sequence of tasks, t1, t2, t3, . . . , with tt = (X ,Y ,H, `,Dt)
I potentially open-ended
I no assumption how tasks are related to each other

Goal:
I learns tasks sequentially: at any time t = 1, 2, . . . :

I learner observes training set St
i.i.d.∼ Dt for task tt

I learner outputs a predictor ft : X → Y

Quantity of interest: average multi-task risk at any time T :
1

T

T∑
t=1

erDt(ft)

22 / 39



Online Multi-Task Learning

"Tasks without Borders" method
I train sequentially on all data, ignoring task boundaries
I continuously update (=�netune) distribution over predictors
I at task boundaries, construct (randomized) predictor Qt by online-to-batch conversion

Theorem (simpli�ed) [Zimin, CHL. AMTL 2019]

Regret-type bound: for any P it holds uniformly for any distribution Q over H:

1

T

T∑
t=1

ert(Qt)−
1

T

T∑
t=1

ert(Q) ≤ 1√
nT

(1

4
+ 2 KL(Q||P ) + log

2

δ

)

Insight: we'll approach or improve over best �xed predictor in hindsight.

[A. Zimin, CHL. "Tasks Without Borders: A New Approach to Online Multi-Task Learning", AMTL Workshop at ICML 2019]
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Online Multi-Task Learning: Making Every Task Matter

Given:
I sequence of learning tasks (potentially open-ended)
I for each task, the learner can in�uence the size of the training set

Goal:
I learn classi�ers, ft, for them in an online fashion

Quantity of interest:
I each task's error ert(ft) (not simply the average)

Lifelong learning with weighted majority votes [Pentina, Urner. NeurIPS 2016]

[A. Pentina, R. Urner. "Lifelong Learning with Weighted Majority Votes", NeurIPS 2016]
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Online Multi-Task Learning: Making Every Task Matter

Theorem (simpli�ed) [Pentina, Urner. NeurIPS 2016]

Assume that each task are realizable and the tasks are (γ, k, ξ)-related with
γ < ε/4 and kξ < ε/8. Then the incremental learning algorithm learns classi�ers
f1, . . . , fT such that

I the error on each task is bounded: ert(gt) ≤ ε for t = 1, . . . , T,

I the total number of labeled samples is at most Õ
(nk+VC(H)k3

ε

)
.

The theorem yields: insight which conditions should be ful�lled
I realizability: each task can -in principle- be solved perfectly given enough data
I a measure of relatedness between tasks
I trade-o� between task-relatedness, complexity of the hypothesis class, and required
number of labeled samples

[A. Pentina, R. Urner. "Lifelong Learning with Weighted Majority Votes", NeurIPS 2016] 25 / 39



Curriculum Learning of Multiple Tasks

Can we chose a bene�cial order in which to learn tasks?

Given:

I datasets for T tasks

Goal:

I learn classi�ers ft for them
in an arbitrary sequential order

Quantity of interest:

I average multi-task error
1

T

T∑
t=1

ert(ft)
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Curriculum Learning of Multiple Tasks

Theorem (simpli�ed, for linear classi�ers ft = sign[w>t x])

It holds uniformly over all weight vectors w1, . . . , wT any task orders, π, that:

1

T

T∑
t=1

ert(wt) ≤
1

T

T∑
t=1

ẽr(wt) +
1√
m

T∑
t=1

‖wπ(t) − wπ(t−1)‖2 +O(
log T√
m

)

The theorem yields:

I a principled learning algorithm how to choose the order and learn classi�ers
→ minimize right hand side w.r.t. π and w1, . . . , wT

[A. Pentina, V. Sharmanska, CHL. "Curriculum Learning of Multiple Tasks", CVPR 2015]
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Multi-task and Lifelong Learning with Labeled and Unlabeled Tasks

Multi-task setting:

I initially given: unlabeled datasets

I the learning algorithm can pick a
subset of tasks to be labeled

I classi�ers for other tasks must be
inferred (e.g. domain adaptation)

Lifelong setting:

I new unlabeled tasks appear
sequentially

I in each case: the learner can either
I infer a classi�er based on the

previous tasks,
I or, it must ask for labels.
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Multi-task and Lifelong Learning with Labeled and Unlabeled Tasks

Theorem (variant of [Pentina, CHL. 2016]; notation simpli�ed)

Let α = (αts)s,t=1,...,T ≥ 0 denote the amount of in�uence of task s (=source) on
task t (=target). Provided that the choice of α depends only on the unlabeled
data, then the following inequality holds uniformly for all possible choices of α
and f1, . . . , fT ∈ H:

T∑
t=1

ert(ft) ≤
T∑
t=1

T∑
s=1

αtsêrs(ft) +

T∑
t=1

T∑
s=1

αtsdisc(Ss, St) + c1‖α‖2,1 + c2‖α‖1,2 + . . .

Note: tasks s with α·s = (0, . . . , 0) need no labeled data.

The theorem yields:
I insight which similarity measure to use between tasks
I a principled learning algorithm, i.e. how to choose α and f1, . . . , fT
I insight which conditions should be ful�lled for the algorithm to work

[A. Pentina, CHL. "Multi-task learning with labeled and unlabeled tasks", ICML 2017]
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Summary

We looked at two scenarios for continual/lifelong learning:

data

Task 1

data

meta-learner

Task 2

data

Task 3

learner

predictor

data

new Task

life long learner

data
predictor

Task 1

Task 2 data
predictor

data
predictor

Task 3

Meta-Learning Lifelong Learning

Outcome:
I a clearer picture what one actually wants, what is possible under what assumptions,

I meta-learning: task are sampled from an environment, strong generalization possible
I online multi-task learning: tasks can be arbitrary, typically weaker guarantees

I some algorithms with some theoretical guarantees,
I many open questions.
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Questions?

data
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Questions? → chl@ist.ac.at
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