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What is Human Allied Al?

Can we build systems that can seamlessly interact with, learn
from, collaborate with and potentially teach the human expert?



What is Human Allied Al?
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Fern et al. IJCAI 07; Natarajan et al. ILPO8, ILPO9; Natarajan et al. KAIS 11; Fern et al. JAIR 14; Kunapuli et al.
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IJAR 20; Hayes et al. KCAP 17; Kokel AAAI 20, ICAPS 21; Das et al. 20; Karanam AIME 21; Dhami AIME 21



(Our) 3 Steps to HAAI

A A0 )
AYo . )
C Close the “loop’
Allow “richer”
human inputs Knows what it knows
More than a Asks what it does not know
“mere labeler”

Student-teacher interaction

Take advice and guidance
Teach the human!

Allows for robust learning




Several Real Applications
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The promise of discovery
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(Our) 3 Steps to HAAI

Effective Learning

Allow “richer”
human inputs

More than a
“mere labeler’

Take advice and guidance

Allows for robust learning
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Types of Advice

Cause(drugl,

eventl)
cause(drug2,
eventl)

Rules / Horn clauses

Causal Knowledge/ Task hierarchy
Influence information



Example Frameworks for Advice Taking

Probabilistic Graphical Models (Yang and Natarajan 2013, 2014;
Ramanan 2018, 2021)

Relational Probabilistic Models (Odom and Natarajan, 2016,
2018; Das et al 2018, 2021)

Gradient Boosting (Odom & Natarajan 2018; Yang et al 2014;
Kokel et al 2020)

* Deep Learning (Dhami et al 2021)

Hierarchical Planning (Das et al 2018)

Inverse Reinforcement Learning (Odom et al 2016)
* Imitation Learning (Odom and Natarajan 2018)
Probabilistic Planning (Das et al 2018, 2019)

» Task-specific Abstractions (Kokel et al 2021)



Gradient Boosting

All Problems
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Fig. 1. Average ranking of the ML algorithms over all datasets. Error bars indicate the 95% confi-
dence interval. Source: Olson et al. 2018 PSB
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Gradient Tree Boostin
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Decision Tree
Logistic Regression
KNN
AdaBoost
PAC
Bernoulli NB
Gaussian NB
Multinomial NB



Sparse pockets
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Boosting with Qualitat
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Boosting with Qualitative Constraints
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Sequential Decision Making




Abstractions

& 21 min

18.1 miles

O'Hare International

Y ] \ \ \
Airport \
\
Dale || Norridge
Bensenville Schiller Park | L . B
=& .

- LAKE VIEW \\
= 21 min

18.1 miles

Planning Execution



Influence information for Task-specific Abstraction
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Influence information for Task-specific Abstraction

Given

Get

State {at(p1,r), taxi-at(13), dest(pl, y), — at-dest(p1), — in-taxi(p1),
at(p2,b), dest(p2, g), — at-dest(p2), —in-taxi(pl)}

subtask ( pickup(P),{P/pl,L/r})

D-FOCI {taxi-at(L1), move(Dir)} — taxi-at(L2)
{taxi-at(L1), move(Dir)} — R
pickup(P):

{taxi-at(L1), at(P, L), in-taxi(P)} —— in-taxi(P)
pickup(P): in-taxi(P) — R,

¥

Abstract state {at(pl,r), taxi-at(13), ~in-taxi(pl), move(Dir)}




Experiments
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(Our) 3 Steps to HAAI

Effective Learning

Active advice seeking

Close the “loop’
Knows what it knows
Asks what it does not know
Student-teacher interaction

Teach the human!




Knowledge-Based Learning
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Fung et al. 02, Boutilier 02, Torrey et al. 05, Wiewiora et al. 03; Mangasarian et al 04, Kunapuli et al. 10,13
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Knowledge-Based Learning

Fung et al. 02, Boutilier 02, Torrey et al. 05, Wiewiora et al. 03; Mangasarian et al 04, Kunapuli et al. 10,13



Knowledge-Based Learning
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passive learning
classical learning setup without any human-in-the-loop guidance
during learning

active learning
learner can query the human-in-the-loop to elicit information
about individual examples, their labels, features

/

advice-based learning
human-in-the-loop gives general advice including label
& feature preferences, constraints, domain knowledge, rules

active guidance elicitation for learning
human-in-the-loop gives advice about the task including preferences,
constraints, domain knowledge and rules

N,g = O(loglog Np)

Guidance



Active Feature Elicitation
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Collaborative Problem Solving

Build region

Buzld a red tower.
A
ﬁ Of what size? F l

Target structure

Achieve Generalization in One shot Learning




Extract Knowledge from Data

GDM, Age, BM1, ...




Miles to go before we sleep!

 Ensuring Human Trust - explain decisions and solicit feedback
Always include humans in decision-making

 Enabling Machine Fairness — avoid bias in learning
(social/feconomic/religious) impossible to maximize all notions of
fairness

 Handling Ethical Issues — white lies to make us eat healthy vs
negotiation for profit

- Data vs Knowledge — what if the evidence is contrary to human
perception?

» Optimal/Rational vs. Human-like



Questions?

https://starling.utdallas.edu

@starling_lab
@Sriraam_utd y



Thanks!



