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Combinatorial Optimisation
“Solving discrete, constrained optimisation problems”

Workforce aIIocation
e skt st s i i . Assembly schedullng and topo. optlmlsatlon
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Waste collection routing

Industrial weave production planning
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Central role in Al and OR

* SAT & SMT
* Constraint Programming

* Mixed Integer & Mathematical Programming

Model + Solve

Decision variables
Objective function | —=
Constraints
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Tremendous progress
in solver efficiency!
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Model + Solve paradigm, in practice

Problem Problem
description Model

+ Solve

Decision variables
Objective function =_‘
Constraints

&

N

S~

* What if the model is UNSAT?
* What if a user doesn’t like the solution?

* What if the data involves uncertainty, requires learning?




Model + Solve paradigm, in practice

Proble Prob_lem
description Model

e Decision variables
4 Objective function
Constraints

An Al-first approach to optimisation
* What]f the model is UNSAT?

* What c ddld INVOIVES UTCE , |
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An Al-first approach to combinatorial optimisation

Faculteit Ingenieurswetenschappen KU LEUVEN



An Al-first approach to combinatorial optimisation

* Learning from images, production data, ...

* Learning user preferences

Faculteit Ingenieurswetenschappen KU LEUVEN



An Al-first approach to combinatorial optimisation

* Learning from images, production data, ...

* Learning user preferences

* Explaining constraint solving
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An Al-first approach to combinatorial optimisation

* Learning from images, production data, ...

* Learning user preferences
* Explaining constraint solving

* Stateful interaction

Faculteit Ingenieurswetenschappen KU LEUVEN



Unified Programmatic Access to CO Benchmarks,
to Connect Constraint Solving Communities

cp ‘ { {Max}SATJ

o) (0 i
)

EACH COMMUNITY HAS
ITS OWN...

* | Modelling systems
MiniZinc, AMPL, OPL, CPMpy, ...
Benchmark collections
MIPLib, XCSP3, JSPLIb, ...

« | Data formats

.mps .cnf .xml .opb ..

A WHOLE ECOSYSTEM ...
WITH BARRIERS

ML community

Huuing Face Hub Datasets AP

- e |




Decision variables

Key software platform: § Objociv funcir
CPMpy

CPMpy: a Constraint Programming and Modeling library in Python, based on numpy, with direct solver access.

Documentation: https://cpmpy.readthedocs.io/

Constraint solving at your finger tips

Sobver Technlogy Capabilitie
For combinatorial problems with Boolean and integer variables. With many high-level constraints that are OR Tools £P LEG) SAT ASAT ALLSAT - OFT - PAR
automatically decomposed when not natively supported by the solver. Purnpkin CP LCG) SAT ASAT ALLSAT - OFT - PROOF
GC5 CF SAT ISAT ALLSAT - OFT - PROOF
Lightweight, well-documented, used in research and industry. e cp SAT ISAT ALLSAT - OPT
CP Optimdzer cp SAT - OPT - PAR
/' Key Features MnZie  CP SAT- OPT
£ SMT SAT ASAT I1SAT - DPFT
* 50|?Er'ag“05tl'l:: use and compare CP, ILP, SMT, PB and SAT solvers Healy Gchal Cpt. SAT ISAT ALLSAT - OPT IOPT
» ML-friendly: decision variables are numpy arrays, with vectorized operations and constraints HIGHS = Sl
i 9 " ¥ 5 " " Cairahi ILF SAT ISAT - QOFT HJPT - FAR
» Incremental solving: assumption variables, adding constraints and updating objectives
; g CPLEX ILF SAT = QFT IDPT - PAR
+ Extensively tested: large test-suite and actively fuzz-tested e Soaticho-Bootaar:” | -GAT ASKT AT ALLSAT DETIHT < il
» Tools: for parameter-tuning, debugging and explanation generation RC2 MaxSAT oPT
+ Flexible: easy to add constraints or solvers, also direct solver access Bndakaas AT SATANT BT
PySAT SAT SAT ASAT ISAT

XCSP3 2025 competition: 2 gold, 1 silver medal e T || A AR




CPMpy tool paper (SAT206)

Supported datasets and formats
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(a) XCSP3 2024 CSP (b) PB competition 2024 DEC-LIN




Learning ~ Explaining =~ Conversational

Algorithm 1 Template for CPE

Initial weight estimate w” : —— _ | _ : —————
fort < T do i | E : , *"“"'qfl-'_‘ S
Ohserve problem instance p' i i . ' e m> ot
(41,42} — SELECT QUERY (3, ') ; o i Bl S }_ = ___ | Lr""l' :
D3 choosies ye from (. w2 ! ! 1 | ! ! - ] =

ut+1 4 WF_lan‘ UPDATE( 1", iy 11z) ' | ' \xi_> )
t“-d l'frl" Hup 1: Rerabive Verifcosiion

Sinp 1: Canersis Modsl




Learning: underspecified CO problems

* Underspecified parameters:
- From (image) classifiers
" From (contextual) regression

* Underspecified preferences:
" Learn from historic solutions
- Learn from interaction with user

* Underspecified structure:
Interactive Constraint Acquisition

KU LEUVEN



H Prediction + Optimisation: NeuroSymbollc

Correlated Data Model + Solve  TEOEFRGART
D. variables| __* P —
Obj function| =, e
‘Constraints | — r '_;:_T,_,r_"
“‘ | Eem—
+ ML + s
L)
)
([ J

Part explicit knowledge:
g » easy to formalize

‘.......
", pgrt implicit knowledge:

hard to formalize,
easy to learn?

Faculteit Ingenieurswetenschappen KU LEUVEN



Artificial Intelligence: 2 families

Statistical Learning Formal Reasoning

Focus on patterns and data Focus on knowledge and logical
(classifiers, neural networks) inference (planning, search)
Fast Thinking Slow Thinking
System 1: instinct, reflexes System 2: deliberate, logical, multi-
step
Needs large data ~ Works well with small data
_— - ””“*f\

~ NeuroSymbolicAl:
- integration of thetwo

Faculteit Ingenieurswetenschappen
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Saeling project

(Univ Klagenfurt, Siemens, VoestAlpine)

Inpnat Data processing Training Inforence
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')\o Prediction + Optimisation: ML view

Correlated Data

% Standard ML

* Assumes plenty of data

g%' * Easy to evaluate: Accuracy/MSE
]

* Many well-known loss functions available

Faculteit Ingenieurswetenschappen KU LEUVEN



'}f Prediction + Optimisation: opt. view

Correlated Data Model + Solve L —1"\?_,_:;
D. variables| .
Obj function| =,
‘Constraints | —

+ ML +

Contexual stochastic optimisation

gg: * Predict costs/weights of the objective function

* Evaluate with solver, for multiple unknown instances
(instance = context: features; no scenarios given)

* Predict expected costs? Distribution? Scenarios?

Faculteit Ingenieurswetenschappen KU LEUVEN




MSE loss not the best proxy for task loss....

Historic data: N R Joint inference: trades off
v O EREREEREE] s the individual predictions
a a Hndd

| V_[2]2]2]2[2[2[2]2[2]2

l

oy apply f(a) Vector of predictions (one for each valid edge)
earn

Why?
® MSE (&c¢)=—|c—¢é|?

1

N |
= average of individual errors of the vector e

Joint inference = joint error

MSE
=
]
m
Regret

— some errors worse than others!




MSE loss not the best proxy for task loss....

Example: 2-item knapsack problem, unit weights, capacity 1

Different . . . . .
MSE, 1.5 True
Same regret 4r ' - values
< 3.5] (3, 2.5)
Ul . i + * .
;:: ] x) Same MBE,
& 1.5 Different
1| regrett—
0.5

0

] ] ] ] ]
005115225 335445 5
Value of Item 1
[Decision-Focused Learning: Foundations, State of the Art, Benchmark and Future Opportunities: Mandi, et al. JAIR 2024]




Contextual Stochastic Optimisation, linear obj

When used in the objective (price, travel time, 8 === Gt
value): -
* Wrong prediction = different price/time/value @

* No ‘recourse action’, only regret

When linear in objective:
* exp. value of sum is sum of exp. value

* => point prediction equally expressive

Faculteit Ingenieurswetenschappen KU LEUVEN




End-to-end “Decision Focused Learning”

Constrained Optimization Task loss
= = > 2" (&) = argmin f(x, &) | = x*(¢) —> L(z*(é),e)
we F { :
? dC(z*(é), e) O dz*(é) dC(z*(¢), ¢) A
dé dé dx*(€)
Forward pass ——> Training data
. Backward pass % y
----------------------------------- z || e@(e) |---mmmmmmineeeaae

Gradient descent? But changing the weights:

_— ~ Either does not change the opt. solution (=0 gradient)

Or jumps to another optimal solution (=undefined grad)

Decision-Focused Learning: Foundations, State of the Art, Benchmark and Future Opportunities: Mandi, et al. JAIR 2024
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End-to-end “Decision Focused Learning”

Objective Constraint Decision CoO
Function Functions Variables Solver
Analytical Strictly Convex Convies Continunous | Primal-Dual
Differentiation Solver
of Optimization
Mappings
Analytical Linear Linear Continuous/ | Primal-Dual
oy R T o Smoothing of Discrete Solver
A 5 1 Optimization
= ' x*(&) = argmin flz, &) | — *'(€) —> Liz* (&), €) Mappings
TEF e i
o dl{x* (&), ) o dax* [ e) JEE"[_E:L_E:_I a
' e e da|é) C Smoothing Linear in the Mot limited to | Continuous/ Solver
E Forward ppas ——» S ——— : by Random Predicted specific form [Diserete agnostic
+ Backward pass € ; Perturbations Parameter
R —————— = 43‘;;“‘.3] R ——
Differentiation Linear in the Not limited to | Continuous Solver
of Surrogate Predicted specific form Discrete agnostic
L Loss Functions Parameter

Decision-Focused Learning: Foundations, State of the Art, Benchmark and Future Opportunities: Mandi, et al. JAIR 2024
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4. Differentiation of surrogate losses

SPO+ |0SS  [Eimachtoub and Grigas, 2017 2021]

Proposes a convex surrogate upper bound on regret:

Lspoy (x*(8)) = 28 "x*(c) — c"x*(c) +ﬂ1€ﬂ§{ﬂ — 28" x}

Solve

v

‘/nswer

Loss




4. Differentiation of surrogate losses i

SPO+ |0SS  [Eimachtoub and Grigas, 2017 2021]

Proposes a convex surrogate upper bound on regret:

Lspoy (x*(8)) = 28 "x*(c) — c"x*(c) +H1€a§{ﬂ — 28" x}

. and has a simple subgradient

x*(c) —x*(2¢ — ¢) € 0Lspo+

True optimal Optimal solution under predicted,
solution perturbed cost vector (perturbed by error: c” - ¢)

requires knowing the true cost vector ¢




Salve
predicts i

Highli ¢ T
I h I I h t ] T o - ;e*'}fﬂ.hswer
- Eaf'".l?'rﬂpajat{]' | Loss |”

Solver-Free Decision-Focused Learning for Linear Optimization

min ¢z Lan(@2"(e) = 3. max(é'z'(c) ~ &' zaq. —¢) wheree >0
i € Zady b
. Az=10 All neighboring
o vertices
g =1 of the optimal solution
o 2 (simplex pivots + smth)
i g

Predict ¢ by neural network.

Non-differentiable loss

function: N /_,5
Regret(¢,c) = ¢' 2*(&) — ¢ 2*(c)

[Berden, Mahmutogullari, Tsouros, Guns. NeurlPS 2025]




. Salve g
predicts " . e

H |ghl|g ht @  Bockpropagare [ Loss |

Solver-Free Decision-Focused Learning for Linear Optimization

o
._."
=7 Answer

0
= !
Regret(é,c) = ¢ z}

. | r -
mn ¢ 2z | @ MSE @ SPO+ A PFYL [ NCE ¢ CaVE <y LAVA (Ours) !
i
i
S-t- A.ET —_ b : Random LP Multi-dim. Knapsack Shortest path :
! & | i
¢ 2 0 : 10-1 & :
i
= I
: ;%‘ 10=1 4 :
Predict ¢ by neura| % ® & 0
- 101 "
Non differentiablei v T e 6% 10~ ) :
W% A @ & < & ' & A :
0 100 200 300 400 500 0 200 400 600 0 10 20 30 '
i
d

Training Time (s)

Training Time ()

Training Time (s)

[Berden, Mahmutogullari, Tsouros, Guns. NeurlPS 2025]




CHAT-Opt: Conversational Human-Aware Technology for Optimisation

Learning

Uncertainty from the envwonment .Ob|ect|ve not fuIIv known

Duration, cost, demand, capacity, ...
| ol We are focussing on learning from pairwise
oLwve

.t '_ | » . | comparisons:
' B =

Pred

- S

CkprOpagate Loss

“Contextual Stochastic Opftimisation”
"Decision-Focused Learning”

[Decision-Focused Learning: Foundations, State of the Art, Benchmark and [Preference Elicitation for Multi- ObJeCtlve Comblnatorlal Optlmlzatlon with Active
Future Opportunities: Mandi, et al. JAIR 2024] Learning and Maximum Likelihood Estimation: Defresne et al. [JCAI 2025]




Multiple-objective Optimisation

TUPLES - Waste-Collection case
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Active preference learning for Comb Opt

* Multi-objective optlmlsatlon (n ObjS )
gy = argmax u(y) = Z w; ¢; (Y

yeF

* Constructive Preference Elicitation [Dragone et al, 2018]

Algorithm 1 Template for CPE

Initial weight estimate w"”

fort < T do
Observe problem instance p'
(41, 42) +— SELECT QUERY (p'. w!
DM chooses y from (y.92) <
w!*! « WEIGHT UPDATE(w", i1, y2)

end for

return j = argmax, . HuwT, d(y))




Active preference learning for Comb Opt = iwmy)

Weight Update (user chose y-)
w =w' +n.a'A A = ¢(y+,p) = (Y-, D)

e -

=
o=
=1

Unified view:

=
* Struct. Perceptron: o' = Tty y<ut(y_) g7
5 050 — 1
* Pref. Perceptron/InfoNCE: o' = 1 Z0.25 / —— sP
= ~-~ NCE/PP

I
=
S

* Max. Likelihood of Bradley-Terry pref: =7k =5 =25 00 25 50 75
utly =)= uty.)

o' = S(u'(y-) — u'(y+))

[Preference Elicitation for Multi-objective Combinatorial Optimiza... Defresne et al. IJCAI-25]



Active preference learning for Comb Opt

Select Query = solve two comb opt problems:

Yy = argmaxu(y) = wafﬁi{y}
yeF i=1

= argrr;ax(l — u(y) + v[|o(y1) — o(y)l|1 diversity wrt. y1
ye o 1

* 2 x NP-hard + restricted to linear diversity/exploration functions

Our approach:

* Pre-computed solution pool

* UCB-based acquisition function for y, (non-linear)

* Cluster solutions for additional diversity (requires pool)

[Preference Elicitation for Multi-objective Combinatorial Optimiza... Defresne et al. IJCAI-25]




Active preference learning for Comb Opt

Configuration Prize-Collecting TSP
Query ChoicePerc UCB, rpool (ours) ChoicePerc UCB, rpool (ours)
Update Regret (%) #Q % DM  Regret (%) #Q % DM Regret (%) #Q % DM Regret(%) #Q % DM
PP-online 6.6 £05 5l 39 LITEDS 67 45 2TX02 66 75 11+£005 29 100
SP-online 14.6 = 0.7 - 20 891+05 69 55 12.1%0.7 . 40 121006 22 100
MLE-online 82106 90 65 49+06 70 60 1701 39 90 06003 24 100
MLE-batch 8.6 06 47 50 22102 50 80 144+01 25 100 05002 20 100

[Preference Elicitation for Multi-objective Combinatorial Optimiza... Defresne et al. IJCAI-25]




CHAT-Opt: Conversational Human-Aware Technology for Optimisation

Explaining

Feasibility restoration Step-wise explanations
| !'.
H | i - —n
G |.=.u m o — ‘ [ o 1 ‘ # o oa
B
5] feil
[
B
. Series of “MUS” computations
Computationally very challenging!
“MCS” computation and MaxCSPs ! , (incrementality, algorithmic
. e . . . i A improvements, ...). ... . . R
[Modeling and Explaining an Industrial Workforce Allocation and Scheduling [Efficiently explaining CSPs with unsatisfiable subset optimization. Gamba,
problem. Bleukx et al. : CP 2025 Best Application Paper award] Bogaerts, Guns. JAIR 2023]
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|

Highlight: ~

Preference Elicitation for Step-Wise Explanations in Logic Puzzles

[Dragone, Teso and Passerini,

8 =] 6|7

8

: : ; = L DIV Alegrithm 2 Construgtive Preference Flicitation framework
= I [ . Tahle 'i Uﬂ;er study: % picked solutions from SES with MACHOP and Choice Perceptron (Cls 7
1|15 419 ﬁl '
slzlalal2l7 Evaluation: SES vs MACHOP Evaluation: SES vs ChoPerc i
ofo]7] [5]/4Query SES(%) MACHOP (%) Indiff.(%) SES(%) ChoPerc (%) Indiff. (%) !
el |3 | 710 5225198 2522166 2262125 6332182 162£148 205% 120!
1 1 (%12 30 108+122 70.7+185 185+138 332+17.1 44.8%21.2 22.1%14. ]
SETRTRTEIS 50 13.2+11.2 726149 143193 4251252 388+257 18.7+13.0}
Femures === e = —"RIg= = = = = = = = = = = e e e e e e e e e e s e e e e e - - '
Facts 8 4 + smart ‘fact to explain’
Block Cons. 1 2 generation
Row Cons. 0 l + UCB-style weighting
Column Cons. 0 0

+ subobjective normalisation

+ non-domination criteria

Explanation generation as Multi-Objective

Optimisation! [Foschini, Defresne, Gamba, Bogaerts, Guns. AAAI 2026, best poster award]




The Challenge:
Workforce Allocation at Airbus

Airbus manufacturing sites
Toulouse/Hamburg/...

Assigning worker teams to logistical tasks
e.g., transporting aircraft parts

Transportation “tasks”
Equipment, duration, deadlines ...




Current situation

Team of human planners:
1. Schedules tasks (+500/day)

— S g Assigns teams to each task
= While considering
=— Working team qualifications + calendars,
;LE__?:;;T_Z._ Manufacturing deadlines,
;'::““:f-- Task precedences,

High-level logistics




Disrupted schedule

Original solution with disruptions

fb668

f5919 -

ad41lc 1

Tldeb 1

Team

39916

32fbb -

179¢6 1

=
=
=
=
]
1S 4
[ =
i

Lk
=
=
£
=
=




Fine-grained repair of schedules

Repaired solution using re-allocation and re-scheduling of tasks

fbE6S -

33333

E' I I .

HE I BEEEEEn -

Optimize:

1. #tas
2. Htas
. #tas

KS allocated
ks re-allocated

3
4, Max-shift of tasks
O. Avg-shift of tasks

kS re-scheduled



Dynamic weight

FAIR Al project,

setting”?

Joint work with Lucas Kletzander, TU Wien

Learn objective importance by estimating their weights
fw = ﬂbjl * Wy -+ ﬂbjz *W> 1- ﬂbjg * Wy

Pairwise - MACHOP [1]

Makespan = 200
Workstation = 8/8
Employees = 5/5
Makespan = 280
Workstation = 8/8
Employees = 3/5

S

PREFERENCE E

Trade-off based - DWS [2]

Makespan = 200
Workstation = 8/8
Employees = 5/5

Reduce involved
employees, you can
worsen makespan by at

LICITATION

Regret (20 Queries)

Praferance Types

CAWS

== woor | We considered two types of
preferences: lexicographic
and weighted

Regret measures how the
learned weights reflect the
sk true preferences (lower is

m.;l.md hﬂ“ﬂl"}

DWS performs better for lexicographic preferences, whereas
MACHOP performs better for weighted preferences




CHAT-Opt: Conversational Human-Aware Technology for Optimisation

Problem Problem Conversational / P agton,

description Model - Solve f:.“}jfg‘;‘:?;'?h.

Decision variables
Objective function | =,
Constraints e

|

Insert anecdotal evidence “l once asked ChatGPT...”,
and strong opinions “you cannot trust...”




Using LLMs to help solve CO problems?

Dataset | Mathod | #Err o ‘;::::itﬁz g A retired professor wants to invest up to $50000 in the airline and railway industries. Each dollar
T — TS NA T invested in the airline industry yields a $0.30 profit and each dollar invested in the railway industry
cp| = L1 37 51 S vields a 30.10 profit. A minimum of 310000 must be invested in the railway industry and at least
NLAGpt e A3 85,64 83,01 25% of all money invested must be in the airline industry. How to maximize the professor's profit?
+ NER | 8 8547 8860 80.62
Direct | 4 9.36 NJA NJA
i P i1 av.00 50,45 55,00
L  BM I8 55,00 70,64 5EL00 ® CP—BenCh (60+ mOde|S):
+NER | 2 5400 67.77 50,00

https://huggingface.co/datasets/kostis-init/ CP-Benct
Constraint Solving course exercises ]
e * HF Leaderboard:

. CP

R " https://huggingface.co/spaces/kostis-init/ CP-Bench-

¥ Results Leaderboard

Rl 1ing Frassserh Esse LLH Bodels Subsdtted ()

Ex. Session 1 Ex. Session 2 Ex, Sessionm 3 Ex. Session 4
Exercise Sessions

[Michailidis K, Tsouros D, Guns T. Constraint modelling
with LLMs using in-context learning. CP 2024]

Faculteit Ingenieurswetenschappen KU LELUVEN



https://huggingface.co/datasets/kostis-init/CP-Bench

Of course, public demo (1.5 yrs old): htips://chatopt.cs.kuleuven.be

§Let’s do science...
* What is an appropriate dataset?
E’ What is an appropriate evaluation measure?



https://chatopt.cs.kuleuven.be/

csplib_001_car_sequencing/
csplib_002_template_design/
csplib_003_quasigroup_existence/
csplib_005_autocorrelation/
csplib_006_golomb_rulers/
csplib_007_all_interval/
csplib_008_vessel loading/

abbots_puzzle/
added_corners/
age_changing/
ages_of the sons/
aircraft_assignment/
aircraft_landing/
allergy/

among/
appointment_scheduling/ csplib_010_social_golfers_problem/
archery_puzzle/
arch_friends/
assignment_costs/

DCP-Bench-open

* Discrete Combinatorial Problems
(Bool/int, satisfaction and optimisation)

csplib_012_nonogram/

curious_set_of integers/ kenken/

cur_num/
cutting_stock/
de_bruijn_sequence/
devils_word/

diet/

dinner/

csplib_009 perfect_square_placement/discrete_tomography/

knapsack/
knights_tour/
mario/
media_selection/
minesweeper/
multi/

netasgn/

divisible_by 1 _through_9/n_puzzle/

csplib_011_acc_basketball_schedule/ dudeney_numbers/

eighteen_hole_golf/

csplib_013_progressive_party _problemgqual_sized_groups/

autoref/ csplib_014_solitaire_battleships/ facility _location/
bales_of hay/ csplib_015_schurs_lemma/ fancy_dress/
I bananas/ csplib_016_traffic_lights/ fibonacci_even/
° 1 64 d Ive rse p ro b I e m S ) best_host/ csplib_018 water_bucket/ fifty puzzle/
= . big_bang2/ csplib_019_magic_squares_and_sequeiiudisg_celebrities/
m a n y h ave m u Itl p I e | n Sta n CeS bin_packing/ csplib_021_crossfigures/ five_brigands/

csplib_022 bus_driver_scheduling/
csplib_023_magic_hexagon/
csplib_024_langford/

birthday_coins/
bowls_and_oranges/
broken_weights/
building_blocks/
v e bus_scheduling/
MiniZinc and
calvin_puzZie
candies/
capital_budget/
car_selection/
cell_tower/

csplib_028_bibd/
O O I gsplib_032_max_density_stiII_Iife/
splib_033_word_design/
csplib_034_warehouse_location/
csplib_039 rehearsal/
csplib_041_n_fractions/
csplib_044_steiner/
chess_set/ csplib_049 number_partitioning/
circling_squares/ csplib_050_diamond_free/
circular_table_averbach_tsplib_053_graceful_graphs/
clock_triplets/ csplib_054_n_queens/
cmo_2012/ csplib_056_sonet/

https://github.com/DCE-

Built-in evaluation with CPMpy,

Call for collaboration:

e
- L
il l.ll’
COVE T UL

Faculteit Ingenieurswetenschappen

Jobs_puzzle

five_statements/
fixed_charge/
flip_rows_cols/

csplib_026_sports_tournament_schedufing/_free_game/

flowshop_scheduling/
football/
four_islands/
four_numbers/
frog_circle/
futoshiki/
general_store/
giant_cat_army/
handshaking/
hanging_weights/
heterosquare/
hidato/

just forgotten/

packing_rectangles/
prod/
pythagorean_triplet/
resource_constrained p
revenue_maximization/
room_assignment/
send_more_money/
session1_bank_card/
session1_five floors/
session1_guards_and_g
session1_magic_square
session1_money_chang
session1_thick_as_thiev
session2_color_simple/
session2_maximal_inde
session2_movie_schedL
session2_subsets 100/
session2_subset _sum/
session3_exodus/
session3_farmer_and_c
session3_kidney_exchal
session3_people_in_a_r
session5_climbing_ stair:
session5_grocery/
session5_hardy 1729 s
set_game/

KU LEUVEN
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Step 2: Iterative Verification
Step 1: Generate Model "

N gpt-5.1 B gpt-oss I DeepSeek-\V3.2 B Cwen3-Coder  Kimi-K2
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_. 80
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S 0
3
<

40
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Baseline RAICL Low Reasoning Sampling Self-Verification Sampling
& Self-Verification

[Michailidis, Tsouros, Guns. ECAI 2025 + JAIR submission]




CHAT-Opt: Conversational Human-Aware Technology for Optimisation

Learning

Algorithm 1 Template for CPE

Initial weight estimate "
fort < T do

Ohserve problem instance '
{1, w2} + SELECT QUERY(p', ')
[ chooses ge from (g, 2]

" Explaining

Conversational




Looking ahead, CHAT-Opt and more

* Learning: prediction + optimisation problems
* - Sample-efficient (=few solver calls) learning? Q)
3.

* - Foundation models?

* Explaining: @ h

* - Conversational?

* - Solving the right problem: human evaluations \

Conversational
* - Datasets? Solving the right problem...
* - Correctness and leaks

| KU LEUVEN



Questions?

Prof. Tias Guns
https://people.cs.kuleuven.be/~tias.guns/

KU LEUVEN




Questions?

Prof. Tias Guns
https://people.cs.kuleuven.be/~tias.guns/
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