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Introduction
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% Model + Solve paradigm

Model the problem

Return solution
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% Model + Solve paradigm

Model the problem

Return solution

- Variables X' with their domains D grid = cp.intvar(1, grid size, shape=(grid size, grid size), name="grid")

for row in grid:
model += cp.AllDifferent(row)

for col in grid.T:
- Constraints of the problem: model += cp.AllDifferent(col)

or i in range(@, grid size, block size row):
1 1 grid si block size
for j in range(@, grid size, block size col):
model += cp.AllDifferent(grid[i:1 + block size row, j:] + block size col])




m Introduction

Modelling is not always ftrivial

- Requires expertise
- Bottleneck for the wider use of CP

HOW TO MODEL THIS
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m Introduction

Modelling is not always ftrivial

- Requires expertise
- Bottleneck for the wider use of CP

Constraint Acquisition:
- System and user modeling together!
- Conversational constraint solving
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HOW TO MODEL THIS

99999



m Interactive Constraint Acquisition
Oracle ;] g] :Eﬁ]

O Query: assignment
m Label: solution or not

Learning Constraints through Partial Queries, C. Bessiere et al., AlJ, 2023
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Candidate Elimination

_ Setofallcandidates
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m Candidate Elimination

During the learning process: 4( Set of all candidates [7
Constraints are removed from B
Constraints are added to C, Removed candidates

L I B B D DR B D D D B N D B B B B B

B: set of (remaining)
candidate constraints

. B B B B B B B " B "R "R CT

C.: target set of

constraints

C.: Iear.ned set of Learned constraints
constraints




Learning from examples

. Learning from negative examples (“Non-solution”):
- Violated constraints cannot be part of the model - One (or more) violated constraint is a constraint of the problem
- Otherwise, it could not be a solution - Otherwise, it would be a solution
\—» Eliminating candidates ‘— Learning Constraints
Set of all candidates ~ Set of all candidates
Removed candidates Removed candidates

N 'Le"ar;nédu cbhlstfaiﬂntﬂs - Learned constraints 7




m Interactive Constraint Acquisition

Learning Constraints through Partial Queries, C. Bessiere et al., AlJ, 2023



m Interactive Constraint Acquisition

Generate
example
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m Interactive Constraint Acquisition

Example
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m Interactive Constraint Acquisition

“Non-solution”

Example

f d
Generate on Ask query to A
nswer
example the user

“Solution”
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Generate
example

Example
found

Interactive Constraint Acquisition

“Non-solution”

Ask query to
the user
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from B
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Interactive Constraint Acquisition

Learn constraints:
zoom in violated
constraints’ scopes

using partial
“Non-solution” | Learn violated queries and add
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C) i

https://github.com/CPMpy/PyConA

pycona 0.3

pip install pycona (@

Using the CPMpy modeling library
https://github.com/CPMpy/CPMpy

v
18

PyConA

Hands-on on interactive CA Demos

v Multiple Acquisition

[ 1 # Multiple Acquisition: includes MguAcqg and MQuAcg2
mga = MQuAcqg()
learned instance = mga.learn(instance, oracle=oracle)

mga2 = MQuAcq?2 ()
learned instance = mga2.learn(instance, oracle=oracle)

v GrowAcq

()

# Creating an environment with the default settings
env = ActiveCAEnv ()

# GrowAcqg

ga = GrowAcq (env)

learned_instance = ga.learn(instance, oracle=oracle)

# we can compare the statistics:

out = pd.concat([a.env.metrics.short statistics for a in [ga,mga,mga2,gall)
out.index = ["quacq", "mguacq", "mquacqg2", "growacq"]
out

CL tot_q top_lvl q tfs_q tfc_q avg_q_size avg_gen_time avg t max_t tot_t conv

quacq 34 196 38 142 16 6.6939 0.8317 0.4407 1.4866 86.3767 1

mquacq 34 161 63 30 68 2.7950 0.8812 0.0470 1.4936 7.5736 1

mquacq2 34 169 35 102 24 4.7988 0.5819 0.0454 1.2612 7.6738 1
growacq 34 179 64 84 31 4.5978 0.0544 0.0236 0.4465 4.2266 1 9



Interactive Constraint Acquisition

Learn constraints:
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constraints’ scopes
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m Query generation

Informative query

« Generate “informative” examples
« Solve a CSP

Quality of quer

 Get the maximum amount of information
 Solve a COP

mmm| Convergence

Generate
example

" — Answer

Converged

11



m Guiding Query Generation

Better generated examples lead to faster convergence

12
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m Guiding Query Generation

Better generated examples lead to faster convergence

|

The more candidates we have
violated, the faster B will shrink

max Z e ¢ sol(c)]

ceB

12
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m Guiding Query Generation

Better generated examples lead to faster convergence

“Solution”: Eliminate candidates fast “Non-solution”: Find constraint(s) fast

max 2 le & sol(c)| min 2 le & sol(c)|

ceB ceB
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m Guiding Query Generation

Better generated examples lead to faster convergence

“Solution”: Eliminate candidates fast “Non-solution”: Find constraint(s) fast

max Z le & sol(c)] Opposite objectives, min Z le & sol(c)]

ccB based on the (future) ccB
answer
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m Guiding Query Generation

Better generated examples lead to faster convergence

“Solution”: Eliminate candidates fast “Non-solution”: Find constraint(s) fast

We cannot know the answer of the user before we ask the query — max violations

max Z le & sol(c)] Opposite objectives, min Z le & sol(c)]

ccB based on the (future) ccB
answer
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m Guiding Query Generation

Better generated examples lead to faster convergence

“Solution”: Eliminate candidates fast “Non-solution”: Find constraint(s) fast

We cannot know the answer of the user before we ask the query — max violations

I But what if we can predict if a candidate is a constraint of the problem or not?

e

max Z le & sol(c)] Opposite objectives, min Z le & sol(c)]

ccB based on the (future) ccB

answer

13
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m How to guide query generation?

Use a classidier O(c) to predict if a candidate is a constraint of the problem or not

It is a prediction problem

Use Machine Learning!!

Query Learn from Update
ML : : Constraint
Generation user’'s answer
dataset

14
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Yes | Aim to satisfy

Use Machine Learning!!

Query Learn from Update
ML : : Constraint
Generation user’'s answer
dataset

14

Learning to Learn in Interactive Constraint Acquisition, D. Tsouros et al., AAAI, 2024



m How to guide query generation?

Use a classidier O(c) to predict if a candidate is a constraint of the problem or not

z No | Aim toviolate It is a prediction problem

Yes : :
Throygy, he o Aim to satisfy

It i Use Machine Learning!!

Query Learn from Update
ML : : Constraint
Generation user’'s answer
dataset

14

Learning to Learn in Interactive Constraint Acquisition, D. Tsouros et al., AAAI, 2024



m How to guide query generation?

Use a classidier O(c) to predict if a candidate is a constraint of the problem or not

{ Aim to violate | = ™* X le & sol@)]

a No e It is a prediction problem

Yes i _ :
T/Zrollglz l/z 1 Aim to satlsfy — min ZB le & sol(c)]
€0bjon,. ce : :
PN fuegier Use Machine Learning!!
"
Generation user’'s answer dataset
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How to guide query generation?

Use a classidier O(c) to predict if a candidate is a constraint of the problem or not

| Aim to violate

Use Machine Learning!!

ML

Query
Generation

Learn from

| user’s answer

Update
Constraint

Learning to Learn in Interactive Constraint Acquisition, D. Tsouros et al., AAAI, 2024

dataset

14



Using Machine Learning for the prediction

Relation-based features Scope-based features

Relation name (string) Dim[i] same_val (Bool)
Has constant (Bool) Dim[i] avg (float)
Constant value (int) Dim([i] distance (int)
Avrity (int)

Learning to Learn in Interactive Constraint Acquisition, D. Tsouros et al., AAAI, 2024
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Using Machine Learning for the prediction

Example for constraint

X; 1% Xy 00 Sudoku  EEUELEEECREETTES Scope-based features For the 2 dimensions

Relation name (string) # Dim[i] same_val (Bool) True, False —
Has constant (Bool) False Dim[i] avg (float) 1,1.5

Constant value (int) -1 Dim([i] distance (int) 0,1

Avrity (int) 2

16
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m Does using ML to guide queries help?

78% decrease in
# of queries

Fast training
time with many
classifiers

17

Learning to Learn in Interactive Constraint Acquisition, D. Tsouros et al., AAAI, 2024



_—

CL Training
X1 # X2 Featurize
: Q(c) Label Train
: T |1,0,1, .. Classifier st
C > 01,3. - | —>
X2 < Xg : :
Inference
B @(c) o(c) P(cECy)
xo #x3 | Featurize | 1,2, 1, .. 23 1,2,1,..| 0.85
X4 < Xs5 > 21,3 |7 a‘—" 2,1,3,..| 022

Learning to Learn in Interactive CA

Query
Generation

Statistical ML learns the structure implicitly, query-
based learning makes it explicit

Learning to Learn in Interactive Constraint Acquisition, D. Tsouros et al., AAAI, 2024
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m Major limitation

Assumption of always correct answers!

How to make
iInteractive constraint acquisition
robust?

19



PO Motivation

New active CA methods require fewer and fewer queries
However, a false query answer can lead to an

To enable adoption, robustness against Is required

state

20



PO Motivation

New active CA methods require fewer and fewer queries
However, a false query answer can lead to an

To enable adoption, robustness against Is required

“Uncertainty. How do we cope with imprecise, uncertain or

state

information?”

— [E. C. Freuder]
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m Example: AllDifferent(z, y, z) under noise

C’TE{w#y,y#Z,CB#Z},BE{w#yay#zyw#Zawzyay:%ﬂ?:z}yciE{}

Reject kz(e)

kp(e) =1T # Y}

No

Learn xg(e)

T

1

3

o =
/

Yes

Reject k(e)

kp(e)

kp(e)
/
No

2
|
Y,

y=2z,x =2}

Learn kg(e)

No

1

2

{

T =1y}

Yes, ..., yes

Collapse!

21



m What is robustness against noise?

Robust Active CA: acquire a C; with a high probability of C; <+ C, under noise

Types of noise Example

Uniform random 3% error rate

o humber of constraints the user needs to check

Based on query complexity (similar to [D. Angluin and D. K. Slonim])

Limited queries Answering “l don’'t know”

Robustness will come at a cost of and



m Related work

In , there are robust methods using both membership and
equivalence queries [L. Bisht, N. H. Bshouty, and L. Khoury]

In CA, the set of examples is fixed. Some passive CA methods are robust
due to their nature:

* BayesAcq [S. Prestwich]: Mimics a Naive Bayes classifier with a linear constraint
* SegAcq [S. Prestwich]: All violated constraints of a negative example receive
positive evidence (no sub-queries!)

23



m Robust active CA

Traditional active CA removes constraints from B after one query
Instead, our idea is to store for each constraint c..

Irn(c) = How many times have we learned c?

rej(c) = How many times have we rejected c?

.then use Irn(c), rej(c) to extract B and C; from the initial bias B,

24



m Extracting B and C;

One measure of how “learned” a constraint c is:

p(c) =Irn(c) — rej(c)

Extract B, C; from initial bias B, by setting a

(candidate (c € B)
c € B, is | learned (c € C})
 rejected

R = [l..ul:

if ] <plc) <u
if p(c) > u
if p(c) <1

25



In other words:

B={c:ce By, <plc) <u},C, ={c:c€ By, p(c) > u}

0 5 10 15 20 25 30 35
Query

Figure 1: Learning AllDifferent(x, y, z) with one false positive and one false negative

26



Small benchmark results

#queries

Sudoku (4x4)

1200 -

1000 -

800 -

600 -

400 A

200 A

1284

Bl baseline

B RT=[-1.0..0.0]

B R"=[-2.0..1.0]

B R"=[-3.0..2.0] 994

0% 1% 3% 5%
Uniform noise
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Small benchmark results

Sudoku (4x4)

1284

Bl baseline

1200 { =mm R"T=[-1.0..0.0]

B R7=[-2.0..1.0]

B R"=[-3.0..2.0] 994

1000 -

800 -

600 -

#queries

400 A

200 A

0% 1% 3% 5%
Uniform noise

Unfortunately, the method fails to converge correctly on large benchmarks!



A more probabilistic direction

* Probabilistic interpretation of the evidence

« Accounting for structural evidence from ML

« Take inspiration from statistical learning like SeqAcq

Conclusion and discussion
« Active CAis paving a path towards the Holy Grail
» Queries are (simpler) statements
» But: noise-free assumption
* Robust active CA is possible but hard to scale
* An inexact setting perhaps requires inexact methods

28
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