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(1 Can we learn to configure optimization algorithms dynamically?

(Can we learn to construct optimization algorithms directly?

(1 Can we learn to select proper optimization algorithms automatically?
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7.2 Limitations and Further Research

While these case studies and other previous applications provide a “proof of concept” for
automated DAC, we point out that much remains to be done to unlock its full potential, and
we hope that this work may serve as a stepping stone for further exploring this promising
line of research. In what remains, we will discuss some of the limitations of contemporary
work and provide specific directions for future research.

Jointly configuring many parameters: While static approaches are capable of jointly
configuring hundreds of parameters, the configuration space in contemporary DAC is typ-
ically much smaller, often considering only a single parameter. While the configuration
space is smaller, the candidate solution space (i.e., the dynamic configuration policy space)
grows exponentially with the number of reconfiguration points, in the worst case, and is
thus typically drastically larger than static configuration policy spaces. Although modern
techniques from reinforcement learning scale much better than ever before, we still know too
little about the internal structure of DAC problems to handle this exploding space of pos-
sible policies. For example, not much is known regarding interaction effects of parameters
in the DAC setting. If there should be only a few interaction effects between parameters as
in static AC (Hutter et al., 2014; Wang et al., 2016), learning several independent policies
might be a way forward.

Open Problem: How to adjust multiple
heterogeneous hyper-parameters
simultaneously?

http://www.lamda.nju.edu.cn/qgianc/
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Open Problem: How to adjust multiple heterogeneous hyper-parameters
simultaneously?

| Instance ...
. . Instance 2
One direct method: treat multiple Action a
hyper-parameters as a whole, and e
apply RL methods
Action space @ = iy when Z‘ vz Ot =
m e meteno (Y, cqmu\;u-,x,\,r,.,,,:l
AERENEREN T e
Very difficult Reward L
: Agent . e e | T
because of the large action space! 1 R
Instance set

State Encoder
3 State
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Online Selection of CMA-ES Variants
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#  Module name 0 1 2
1 Active Update [20] off on

2 Elitism (1, A) (u+A)

3 Mirrored Sampling [9] off on

4  Orthogonal Sampling [29] off on

5  Sequential Selection [9] off on

6  Threshold Convergence [24]  off on

7  TPA[12] off on

8  Pairwise Selection [1] off on

9

_
_- O

Recombination Weights [3]

Quasi-Gaussian Sampling
Increasing Population [2, 13]

ot
10g(#+%)—%

off
off

1

H
Sobol  Halton

IPOP  BIPOP

[Vermetten et al., GECCO 2019]
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ModEA includes an example of dynamic algorithm selec-
tion for variants of CMA-ES on BBOB functions [Vermetten
et al., 2019]. In contrast to the CMA-ES benchmark, a com-
bination of 11 EA elements with two to three options each
are chosen in each step; this combination makes up the final
algorithm. This multi-dimensional, large action space makes
the problem very complex. So we expect this to be a hard
benchmark, possibly too hard for current DAC approaches to
efficiently determine an effective DAC policy.

29 .32 = 4608 possible actions [Eimer et al., IJCAI 2021]

Static policies
|

DAC

»

1

The smaller the better

DAC policy can be
even worse than
static policies
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Open Problem: How to adjust multiple heterogeneous hyper-parameters
simultaneously?

Our solution:
* Cooperative multi-agent modeling

 Each agent handles one hyper-parameter

Problem Formulation: Contextual Multi-agent Markov Decision Process M; := {M;};.;

M; =< N,S, {c/lj};t:l ,J;,1; > is a single MMDP, corresponding to a problem instancei € [

To find a joint policy m: § = A(A{ XA, X -+ XA, ) maximizing the global value function:

Q™(s,a) = E, [2 Yir(se, ap)|sg = s,ay = a]
t=0

[Xue et al., NeurlPS 2022 Spotlight] http://www.lamda.nju.edu.cn/gianc/
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Open Problem: How to adjust multiple heterogeneous hyper-parameters
simultaneously?

| Instance ...

. . | Instance 2
Our solution: Action a

Instance 1

Algorithm 1: MOEA/D
Parameters: Population size N, number 7 of iterations

Initialize a population {z()}¥ | of solutions, and a corresponding set W = {w®}Y | of
weight vectors ;

Reward t=0:

* Cooperative 0eor(s, @) ‘
mUIti'agent Mixing Network < fori=1: N do

Randomly select parent solutions from the neighborhood of w® , denoted as ©®"" ;
2 2
modelin
g Qi (S ’ ai) .

Update the corresponding solution of each sub-problem within ©*" by z/(!). That is,

for each w) € O*" | if g(a'® | w1, 2*) < g(x) | w"), 2*), then () = 2'®

end
° Each agent - Agent 2 Agent 3 Agent 4 .

end

handles one ‘ [ | ——
hyper-parameter

v

Use crossover and mutation operators to generate an offspring solution z’*/;

Evaluate the offspring solution to obtain F'(z'(*));

Update the ideal point z*. That s, forany j € {1,2,...,m}, if f;(z'®) < z;, then
z; = £i(@'®);

State Encoder

1 State

[Xue et al., NeurlIPS 2022 Spotlight] http://www.lamda.nju.edu.cn/gianc/
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How to apply multi-agent DAC?

Guidelines for state design
e Accessibility

e Representation

e Generalization

Guidelines for reward design
e Higher reward in the later period

o= {65 TG < R

0 otherwise

0 Pt-1 Pt 1
Cumulative rewards
already obtained

AN .
WY Maximum return

. Current rewards . Future cumulative
obtained rewards available

f(so)—f(st4+1) .
Pt+1 = SOf(So)S == if f(st41) < fy
Dt otherwise

[Xue et al., NeurlPS 2022 Spotlight]
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f A

Single-objective Multi-objective
local optimum
> X
MOEA/D [Zhang and Li, TEvC 2007]
1 — PF Step 1: Initialize a population of solutions P = {x'}¥ |, a set of weight vectors W = {w'}¥,
® Weight vector and their neighborhood structure. Randomly assign each solution to a weight vector.

0.8 1 Step 2: Fori=1,---,N, do
e Step 2.1: Randomly sel d ber of f a hborhood
| tep 2.1: Randomly select a required number of mating parents from w*’s neighborhood,
o) 0.6 denoted as OV, TU ne fou r
04} Step 2.2: Use crossover and mutation to reprqduce offspring x€. hype r‘_pa ram ete rs
Step 2.3: Update the subproblems within Ov by x¢ if g(x°|wk,z*) < g(x*|wk,z*), d . ”
0.2 4 where w* € ©W" and x* is the current solution associated with w. yna MicCa V

-
-
-
-
-
-

Step 3: If the stopping criteria is met, then stop and output the population. Otherwise, go to
Step 2.

[Xue et al., NeurlIPS 2022 Spotlight] http://www.lamda.nju.edu.cn/gianc/
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Notes

m: Number of objectives
D: Number of variables

Computational budget that has been used
Stagnant count ratio

Hypervolume value
Ratio of non-dominated solutions
Average distance

Change of HV between steps £ and ¢ — 1
Change of NDRatio between steps ¢t and ¢ — 1
Change of Dist between steps ¢ and ¢ — 1

Mean of HV in the last 5 steps
Mean of NDRatio in the last 5 steps
Mean of Dist in the last 5 steps
Standard deviation of HV in the last 5 steps
Standard deviation of NDRatio in the last 5 steps
Standard deviation of Dist in the last 5 steps

Index  Parts of state Feature
e Accessibility. The state should be : } Lm
accessible in each step 2 2 W/
4 3 HV,
5 3 NDRatiog
6 3 Dist,
e Representability. The state should : ; NDRatb ~ NDition
. . . 9 3 Disty — Disty—1
reflect the information in the - : Nean(Lis 1V, 0.5
optimization process B e s
13 3 Std(List(HV, t,5))
14 3 Std(List(NDRatio, t,5))
15 3 Std(List(Dist, t,5))
. . . 16 3 I\Ioan.(List(HV.?‘,t))
e Generalizability. The learned policy 17 : Mot (N matio, 1, £)
is expected to generalize to other 2 Y Sl NDRato 1)
21 3 Std(List(Dist, ¢, t))

Mean of HV in all the steps so far
Mean of NDRatio in all the steps so far
Mean of Dist in all the steps so far
Standard deviation of HV in all the steps so far
Standard deviation of NDRatio in all the steps so far
Standard deviation of Dist in all the steps so far

instances

[Xue et al., NeurlPS 2022 Spotlight]
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Action: the value of each hyper-parameter

Reward

f(so)—f(se41) %
"“1:;[ =max{ f(s:) — f(5¢41),0}, Dip1 = { 7(s0) if f(se41) < fi

Dt otherwise

10 if f(se41) < ff
r2 =31 elseif f(si41) < f(s¢) >
0 otherwise 0 Pe-1 Dt 1

. Maximum return Cumulative rewards
3 — max { f(St) _ f(St“‘l) 0} 7 r, = {(1/2) (p2 —p2_y) if f(ser1) < fF \ t

already obtained
rt — ) 0 otherwise Current rewards Future cumulative
f(3t+1) - fopt N N

obtained rewards available

Transition: one time-step in MARL is one generation in MOEA/D

[Xue et al., NeurlIPS 2022 Spotlight] http://www.lamda.nju.edu.cn/gianc/
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We investigate the following three research questions (RQs):

e RQ1: How does MA-DAC perform compared with the baseline and other
tuning algorithms?

e RQ2: How is the generalization ability of MA-DAC?

e RQ3: How do the different parts of MA-DAC affect the performance?

[Xue et al., NeurlPS 2022 Spotlight] http://www.lamda.nju.edu.cn/gianc/



Experiments - RQ1

Table 2: IGD values obtained by MOEA/D, DQN, MA-UCB and MA-DAC on different problems. Each result
consists of the mean and standard deviation of 30 runs. The best mean value on each problem is highlighted in
bold. The symbols ‘47, *—" and *=~’ indicate that the result is significantly superior to, inferior to, and almost

equivalent to MA-DAC, respectively, according to the Wilcoxon rank-sum test with confidence level 0.05.

Problem M |

MOEA/D

DQN

MA-UCB

MA-DAC

4.605E-02 (3.54E-04) —
3.006E-01 (1.55E-03) —
4.455E-01 (1.41E-02) —

4.628E-02 (2.96E-04) —
3.016E-01 (1.34E-03) —
4.671E-01 (1.15E-02) —

4.671E-02 (3.70E-04) —
3.041E-01 (1.69E-03) —
4.826E-01 (9.59E-03) —

3.807E-02 (5.05E-04)
2.442E-01 (1.26E-02)
3.944E-01 (1.17E-02)

5.761E-02 (5.41E-04) —
3.442E-01 (1.21E-02) —
4.529E-01 (1.79E-02) —

6.920E-02 (1.20E-03) —
2.810E-01 (6.86E-03) —
3.725E-01 (1.14E-02) —

7.165E-02 (1.83E-03) —
2.859E-01 (6.77E-03) —
3.868E-01 (1.54E-02) —

5.200E-02 (1.19E-03)
1.868E-01 (2.81E-03)
3.033E-01 (3.66E-03)

6.938E-02 (5.50E-03) —
3.518E-01 (2.82E-03) —
4.869E-01 (3.03E-02) —

6.834E-02 (1.78E-02) —
3.160E-01 (2.40E-02) —
4.322E-01 (2.95E-02) —

6.601E-02 (1.00E-02) —
3.359E-01 (1.47E-02) —
4.389E-01 (3.41E-02) —

4.831E-02 (8.95E-03)
1.942E-01 (6.90E-03)
3.112E-01 (4.93E-03)

0/9/0

0/9/0

0/9/0

6.231E-02 (8.85E-02) ~
3.133E-01 (4.45E-02) ~~
4.374E-01 (2.57TE-02) —

5.590E-02 (5.77E-03) —
3.457E-01 (1.61E-02) —
4.552E-01 (1.47E-02) —

6.011E-02 (5.08E-03) —
3.492E-01 (1.69E-02) —
4.756E-01 (2.01E-02) —

6.700E-02 (6.14E-02)
2.995E-01 (2.10E-02)
4.182E-01 (1.21E-02)

6.327E-02 (1.10E-03) —
3.350E-01 (9.77E-03) —
4.101E-01 (2.08E-02) —

6.212E-02 (5.54E-04) —
3.077E-01 (6.36E-03) —
4.996E-01 (1.32E-02) —

6.118E-02 (7.03E-04) —
3.036E-01 (8.83E-03) —
5.024E-01 (1.38E-02) —

4.730E-02 (7.89E-04)
1.811E-01 (3.02E-03)
3.206E-01 (8.04E-03)

5.811E-02 (6.31E-04) —
3.572E-01 (5.47E-03) —
5.236E-01 (2.19E-02) —

5.930E-02 (7.32E-04) —
2.993E-01 (1.43E-02) —
4.576E-01 (2.38E-02) —

6.014E-02 (7.11E-04) —
3.207E-01 (1.71E-02) —
4.879E-01 (2.75E-02) —

4.066E-02 (5.31E-04)
1.858E-01 (2.12E-03)
3.258E-01 (1.25E-02)

8.646E-02 (3.44E-03) —
4.258E-01 (8.42E-03) —
5.816E-01 (1.30E-02) —

9.280E-02 (1.06E-03) —
3.969E-01 (1.26E-02) —
5.57SE-01 (1.39E-02) —

9.612E-02 (1.48E-03) —
3.956E-01 (1.32E-02) —
5.642E-01 (1.38E-02) —

7.901E-02 (1.19E-03)
2.479E-01 (7.20E-03)
4.127E-01 (5.93E-03)

5.817E-02 (1.24E-03) —
3.633E-01 (1.20E-02) —
5.538E-01 (2.63E-02) —

5.628E-02 (7.29E-04) —
3.258E-01 (1.61E-02) —
5.115E-01 (2.15E-02) —

7.953E-02 (2.45E-02) —
3.396E-01 (1.55E-02) —
5.227E-01 (1.79E-02) —

4.159E-02 (6.10E-04)
1.832E-01 (7.10E-03)
3.278E-01 (7.21E-03)

3
DTLZ2 5
7
3
WFG4 5
7
3
WFG6 5
7
Train: +/—/~
3
DTLZ4 5
7
3
WFGS 5
7
3
WFEG7 5
7
3
WFGS 5
7
3
WFG9 5
7
Test: +/—/~

0/13/2

0/15/0

0/15/0

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

Train on DTLZ2, WFG4, and WFG6 with

m objectives, and test on the other
problems with m objectives

Significantly better on almost
all the 24 problems

Good generalization ability

[Xue et al., NeurlPS 2022 Spotlight]
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Problem M MA-DAC (M) MA-DAC (3) MA-DAC (5) MA-DAC (7)
3 3.839E-02 (5.35E-04) +  3.807E-02 (5.05E-04) +  3.830E-02 (7.24E-04) +  3.837E-02 (5.69E-04) +
DTLZ2 5 2.468E-01 (7.55E-03) +  2.472E-01 (1.56E-02) +  2.442E-01 (1.26E-02) +  2.569E-01 (1.39E-02) +
7 3.921E-01 (8.84E-03) +  3.880E-01 (1.02E-02) +  4.081E-01 (1.52E-02) +  3.944E-01 (1.17E-02) +
3 5.220E-02 (9.83E-04) +  5.200E-02 (1.19E-03) +  5.236E-02 (1.10E-03) +  5.302E-02 (9.78E-04) +
WFG4 5 1.850E-01 (3.14E-03) +  1.867E-01 (3.01E-03) +  1.868E-01 (2.81E-03) + 1.853E-01 (2.67E-03) +
7 3.091E-01 (5.80E-03) +  3.104E-01 (7.14E-03) +  3.100E-01 (5.89E-03) +  3.033E-01 (3.66E-03) +
3 5.078E-02 (1.20E-02) +  4.831E-02 (8.95E-03) +  4.599E-02 (9.48E-03) +  5.206E-02 (1.64E-02) +
WFG6 5 1.971E-01 (6.40E-03) +  2.003E-01 (6.26E-03) +  1.942E-01 (6.90E-03) +  1.957E-01 (6.67E-03) +
7 3.114E-01 (5.08E-03) +  3.242E-01 (9.24E-03) +  3.129E-01 (5.71E-03) +  3.112E-01 (4.93E-03) +
3 6.171E-02 (3.67E-02) +  6.700E-02 (6.14E-02) +  6.618E-02 (4.62E-02) +  8.088E-02 (7.12E-02) +
DTLZ4 5 3.044E-01 (1.66E-02) =  2.974E-01 (1.94E-02) +  2.995E-01 (2.10E-02) =  3.036E-01 (1.69E-02) ~
7 4.271E-01 (1.45E-02) +  4.313E-01 (1.39E-02) =  4.327E-01 (2.15E-02) =  4.182E-01 (1.21E-02) +
3 4.721E-02 (7.15E-04) +  4.730E-02 (7.89E-04) +  4.733E-02 (8.10E-04) +  4.746E-02 (5.90E-04) +
WFG5 5 1.811E-01 (2.59E-03) +  1.817E-01 (2.96E-03) +  1.811E-01 (3.02E-03) +  1.808E-01 (2.83E-03) +
7 3.256E-01 (5.49E-03) +  3.266E-01 (8.98E-03) +  3.263E-01 (9.73E-03) +  3.206E-01 (8.04E-03) +
3 4.076E-02 (5.33E-04) +  4.066E-02 (5.31E-04) +  4.077E-02 (5.12E-04) +  4.124E-02 (4.98E-04) +
WEG7 5 1.839E-01 (2.38E-03) +  1.881E-01 (3.70E-03) +  1.858E-01 (2.12E-03) +  1.836E-01 (2.21E-03) +
7 3.368E-01 (1.54E-02) +  3.461E-01 (1.97E-02) +  3.390E-01 (1.38E-02) +  3.258E-01 (1.25E-02) +
3 7.828E-02 (1.46E-03) +  7.901E-02 (1.19E-03) +  7.921E-02 (1.36E-03) +  7.944E-02 (1.30E-03) +
WFGS8 5 2.506E-01 (1.11E-02) +  2.653E-01 (1.51E-02) +  2.479E-01 (7.20E-03) +  2.532E-01 (9.28E-03) +
7 4.303E-01 (1.49E-02) +  4.364E-01 (1.38E-02) +  4.242E-01 (9.08E-03) +  4.127E-01 (5.93E-03) +
3 4.324E-02 (7.07E-04) +  4.159E-02 (6.10E-04) +  4.359E-02 (1.00E-02) +  6.415E-02 (2.64E-02) +
WFG9 5 1.858E-01 (7.63E-03) +  1.814E-01 (4.59E-03) +  1.832E-01 (7.10E-03) + 1.918E-01 (1.13E-02) +
7 3.328E-01 (1.02E-02) +  3.298E-01 (1.03E-02) +  3.307E-01 (1.37E-02) +  3.278E-01 (7.21E-03) +
3 1.4 1.8 238 4.0
Test: average rank 5 2.6 2.8 22 2.4
7 2.6 34 3.0 1.0
3 5/0/0 5/0/0 5/0/0 5/0/0
Test: +/—/~= 5 4/0/1 5/0/0 4/0/1 4/0/1
7 5/0/0 4/0/1 4/0/1 5/0/0

Train on DTLZ2, WFG4, and WFG6, and
test on all the other problems

Train on DTLZ2, WFG4, and WFG6 with
m objectives, and test on all the other
problems

MA-DAC (M) is robust

Good generalization ability

[Xue et al., NeurlPS 2022 Spotlight]
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M |

MA-DAC (M) w/o 1

MA-DAC (M) w/o 2

MA-DAC (M) w/o 3

MA-DAC (M) w/o 4

MA-DAC (M)

4.656E-02 (3.80E-04) —
3.086E-01 (7.24E-03) —
4.970E-01 (1.26E-02) —

3.914E-02 (8.43E-04) —
2.619E-01 (8.99E-03) —
4.067E-01 (1.20E-02) —

3.935E-02 (6.72E-04) —
2.503E-01 (1.30E-02) —
4.003E-01 (1.19E-02) —

3.919E-02 (5.91E-04) —
2.433E-01 (1.59E-02) =~
4.228E-01 (1.25E-02) —

3.839E-02 (5.35E-04)
2.468E-01 (7.55E-03)
3.921E-01 (8.84E-03)

7.222E-02 (1.93E-03) —
2.868E-01 (1.01E-02) —
3.758E-01 (1.33E-02) —

5.484E-02 (1.01E-03) —
1.879E-01 (3.76E-03) ~
3.102E-01 (6.34E-03) —

5.410E-02 (8.85E-04) —
1.845E-01 (2.17E-03) +
3.020E-01 (3.99E-03) =

5.410E-02 (8.85E-04) —
1.846E-01 (2.39E-03) +
3.032E-01 (4.32E-03) =

5.220E-02 (9.83E-04)
1.850E-01 (3.14E-03)
3.091E-01 (5.80E-03)

6.864E-02 (8.14E-03) —
3.480E-01 (1.34E-02) —
4.784E-01 (3.37E-02) —

5.338E-02 (1.37E-02) —
2.005E-01 (5.21E-03) —
3.147E-01 (5.85E-03) —

6.543E-02 (1.69E-02) —
1.996E-01 (6.51E-03) —
3.162E-01 (6.15E-03) —

6.067E-02 (2.11E-02) =
1.979E-01 (6.76E-03) —
3.147E-01 (5.73E-03) —

5.078E-02 (1.20E-02)
1.971E-01 (6.40E-03)
3.114E-01 (5.08E-03)

| 0/9/0

0/8/1

1711

1/5/3

6.463E-02 (3.85E-02) —
3.497E-01 (1.41E-02) —
4.853E-01 (1.82E-02) —

6.242E-02 (4.07E-02) —
3.061E-01 (2.12E-02) =
4.275E-01 (1.90E-02) —

4.496E-02 (2.45E-03) +
3.054E-01 (1.55E-02) =
4.208E-01 (1.52E-02) =

4.496E-02 (2.45E-03) +
3.130E-01 (1.81E-02) —
4.289E-01 (2.07E-02) —

6.171E-02 (3.67E-02)
3.044E-01 (1.66E-02)
4.271E-01 (1.45E-02)

6.189E-02 (7.40E-04) —
3.202E-01 (9.77E-03) —
4.948E-01 (1.47E-02) —

4.827E-02 (6.31E-04) —
1.821E-01 (2.73E-03) =~
3.290E-01 (8.87E-03) —

4.766E-02 (5.72E-04) ~
1.835E-01 (2.90E-03) —
3.310E-01 (7.70E-03) —

4.766E-02 (5.72E-04) =~
1.822E-01 (2.31E-03) —
3.261E-01 (9.26E-03) —

4.721E-02 (7.15E-04)
1.811E-01 (2.59E-03)
3.256E-01 (5.49E-03)

6.004E-02 (9.45E-04) —
3.402E-01 (2.49E-02) —
4.877E-01 (5.70E-02) —

4.250E-02 (5.82E-04) —
1.873E-01 (3.67E-03) =~
3.393E-01 (1.23E-02) —

4.150E-02 (6.60E-04) —
1.826E-01 (2.60E-03) +
3.373E-01 (1.16E-02) —

4.150E-02 (6.60E-04) —
1.847E-01 (2.80E-03) =
3.377E-01 (1.59E-02) —

4.076E-02 (5.33E-04)
1.839E-01 (2.38E-03)
3.368E-01 (1.54E-02)

9.661E-02 (1.87E-03) —
4.119E-01 (1.30E-02) —
5.830E-01 (1.59E-02) —

8.374E-02 (1.70E-03) —
2.695E-01 (1.49E-02) —
4.345E-01 (9.27E-03) —

8.029E-02 (1.29E-03) —
2.571E-01 (1.09E-02) —
4.260E-01 (8.71E-03) —

8.029E-02 (1.29E-03) —
2.632E-01 (9.96E-03) —
4.322E-01 (1.12E-02) —

7.828E-02 (1.46E-03)
2.506E-01 (1.11E-02)
4.303E-01 (1.49E-02)

5.894E-02 (9.24E-04) —
3.148E-01 (2.06E-02) —
5.069E-01 (2.53E-02) —

4.321E-02 (7.50E-04) —
1.875E-01 (5.14E-03) —
3.433E-01 (1.35E-02) —

4.650E-02 (1.40E-02) —
1.941E-01 (6.45E-03) —
3.402E-01 (1.00E-02) —

4.650E-02 (1.40E-02) —
1.865E-01 (9.02E-03) —
3.368E-01 (1.05E-02) —

4.324E-02 (7.07E-04)
1.858E-01 (7.63E-03)
3.328E-01 (1.02E-02)

Problem
3
DTLZ2 5
-
3
WFG4 5
7
3
WFG6 5
7
Train: +/—/~
3
DTLZ4 5
-
3
WFG5 5
7
3
WFG7 5
-
3
WFGS 5
E
3
WFG9 5
7
Test: +/—/=

| 0/15/0

0/12/3

2/10/3

1/12/2

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

MA-DAC (M) w/o i denotes
without tuning the i-th
hyper-parameter

Necessary to tune each
hyper-parameter

[Xue et al., NeurlPS 2022 Spotlight]

http://www.lamda.nju.edu.cn/gianc/
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Experiments — RQ3

Problem M |

MA-DAC-R1

MA-DAC-R2

MA-DAC-R3

MA-DAC

1 0 3 4.223E-02 (2.50E-03) —  3.853E-02 (5.58E-04) —  3.809E-02 (4.64E-04) ~ | 3.807E-02 (5.05E-04)
= 1m X{ f ( ) — f ( ) } DTLZ2 5 2401E-01 8.27E-03) —  2.726E-01 (1.51E-02) &  2.364E-01 (1.04E-02) + | 2.442E-01 (1.26E-02)

Tt a St St+1), ’ 7 4.142E-01 (1.12E-02) —  4.248E-01 (1.30E-02) —  4.215E-01 (9.03E-03) — | 3.944E-01 (1.17E-02)
" " 3 5.989E-02 (5.60E-03) &  5.255E-02 (1.14E-03) —  5.309E-02 (8.02E-04) — | 5.200E-02 (1.19E-03)

10 if f(st _|_1) 4 ft WFG4 5 1.848E-01 (2.61E-03) +  1.851E-01 (243E-03) +  1.846E-01 (2.20E-03) + | 1.868E-01 (2.81E-03)

5 7 3.028E-01 (3.19E-03) +  3.008E-01 3.51E-03) &~  3.029E-01 (3.36E-03) &~ | 3.033E-01 (3.66E-03)
Ty = 1 else if f (St _|_1) < f (St) : 3 7.920E-02 (1.81E-02) +  4.909E-02 (1.50E-02) —  4.814E-02 (1.22E-02) ~ | 4.831E-02 (8.95E-03)
WFG6 5 1.977E-01 (6.17E-03) —  2.037E-01 (4.49E-03) —  1.975E-01 (5.78E-03) — | 1.942E-01 (6.90E-03)

7 3.110E-01 (4.86E-03) —  3.151E-01 (5.01E-03) &~  3.148E-01 (4.05E-03) — | 3.112E-01 (4.93E-03)

0

otherwise

fst) — f(st41)

Train: average rank |

2.67

3.11

2.11

2.11

Train: +/—/~ |

3/5/1

1/5/3

2/4/3

,r.3 — max 0 3 5.567E-02 (7.33E-03) —  7.236E-02 (6.19E-02) —  6.144E-02 (5.10E-02) ~ | 6.700E-02 (6.14E-02)
; ? ) DTLZ4 5 3.119E-01 (1.91E-02) — 3.221E-01 (2.12E-02) —  3.119E-01 (1.58E-02) — | 2.995E-01 (2.10E-02)
f(St_l_ 1 ) — fopt 7 4.354E-01 (1.29E-02) —  4.385E-01 (1.23E-02) —  4.275E-01 (1.60E-02) — | 4.182E-01 (1.21E-02)
3 4.841E-02 (7.78E-04) —  4.763E-02 (7.73E-04) —  4.773E-02 (6.58E-04) — | 4.730E-02 (7.89E-04)
WFGS 5 1.823E-01 (2.49E-03) ~ 1.818E-01 (2.90E-03) — 1.812E-01 (3.06E-03) ~ 1.811E-01 (3.02E-03)
7 3.212E-01 (6.60E-03) ~  3.174E-01 (6.43E-03) ~  3.196E-01 (5.99E-03) ~ | 3.206E-01 (8.04E-03)
3 4.555E-02 (1.26E-03) ~  4.076E-02 (5.41E-04) —  4.168E-02 (6.40E-04) — | 4.066E-02 (5.31E-04)
9 WFG7 5 1.842E-01 (3.28E-03) ~ 1.865E-01 (2.93E-03) + 1.841E-01 (3.95E-03) + 1.858E-01 (2.12E-03)
1 = 7 3.335E-01 (1.09E-02 3.199E-01 (9.86E-03) —  3.271E-01 (9.65E-03) ~ | 3.258E-01 (1.25E-02
(1/2) - (pz — if f(st41) < f; LR ORE OE (2R
’r't = 2 3 8.914E-02 (2.96E-03) ~ 7.911E-02 (1.06E-03) — 8.199E-02 (1.96E-03) — 7.901E-02 (1.19E-03)
O Otherwlse WFG8 5 2.551E-01 (1.02E-02) — 2.628E-01 (1.22E-02) —  2.541E-01 (9.08E-03) — | 2.479E-01 (7.20E-03)
7 4.163E-01 (9.54E-03) ~  4.115E-01 (9.80E-03) ~  4.197E-01 (7.52E-03) — 4.127E-01 (5.93E-03)
3 5.003E-02 (9.00E-03) —  4.208E-02 (6.56E-04) —  4.428E-02 (9.97E-03) — | 4.159E-02 (6.10E-04)
WFG9 5 1.929E-01 (8.84E-03) ~  1.819E-01 (5.73E-03) — 1.951E-01 (9.83E-03) — 1.832E-01 (7.10E-03)
7 3.342E-01 (8.56E-03) — 3.322E-01 (8.89E-03) —  3.327E-01 (8.02E-03) — | 3.278E-01 (7.21E-03)
Our proposed reward function is better T menewm |7 521 247 2 L&
Test: +/—/~ | L7777 1/12/2 1/10/4

[Xue et al., NeurlPS 2022 Spotlight]
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Problem

M |

DQN-1

VDN

IQL

QMIX

DTLZ2

3

4.100E-02 (7.64E-04)
2.408E-01 (1.03E-02)
4.064E-01 (1.14E-02)

3.807E-02 (5.05E-04) +
2.442E-01 (1.26E-02) =
3.944E-01 (1.17E-02) +

933E-02 (4.29E-04) +
310E-01 (9.29E-03) +

3
2.
4.138E-01 (9.79E-03) —

3.916E-02 (7.21E-04) +
2.419E-01 (1.37E-02) =~
4.162E-01 (1.59E-02) —

WFG4

6.136E-02 (1.80E-03)
1.887E-01 (2.15E-03)
3.018E-01 (3.14E-03)

5.200E-02 (1.19E-03) +
1.868E-01 (2.81E-03) +
3.033E-01 (3.66E-03) =~

5.438E-02 (8.83E-04) +
1.879E-01 (2.78E-03) =~
3.046E-01 (3.55E-03) —

5.206E-02 (1.16E-03) +
1.859E-01 (2.25E-03) +
2.998E-01 (4.21E-03) +

WEG6

(95 ~J] W W ~J W

~] W

5.149E-02 (1.17E-02)
1.991E-01 (9.10E-03)
3.204E-01 (7.11E-03)

4.831E-02 (8.95E-03) +
1.942E-01 (6.90E-03) +
3.112E-01 (4.93E-03) +

5.592E-02 (1.57E-02) =
1.981E-01 (6.76E-03) ~
3.148E-01 (3.34E-03) +

4.542E-02 (3.02E-03) +
1.975E-01 (6.98E-03) ~
3.128E-01 (7.39E-03) +

Train: +/—/~

7/012

4/2/3

6/1/2

DTLZ4

4.697E-02 (3.78E-03)
3.074E-01 (1.24E-02)
4.263E-01 (1.28E-02)

6.700E-02 (6.14E-02) =~
2.995E-01 (2.10E-02) +
4.182E-01 (1.21E-02) +

6.328E-02 (4.48E-02) —
3.021E-01 (1.62E-02) =~
4.323E-01 (1.43E-02) =

5.094E-02 (2.38E-03) —
3.013E-01 (1.80E-02) +
4.303E-01 (1.95E-02) =~

WEG5

4.815E-02 (6.96E-04)
1.833E-01 (3.37E-03)
3.294E-01 (8.51E-03)

4.730E-02 (7.89E-04) +
1.811E-01 (3.02E-03) +
3.206E-01 (8.04E-03) +

4.818E-02 (6.24E-04) =~
1.812E-01 (2.21E-03) +
3.173E-01 (6.91E-03) +

4.736E-02 (7.49E-04) +
1.813E-01 (2.54E-03) +
3.175E-01 (7.19E-03) +

WEG7

4.624E-02 (6.74E-04)
1.835E-01 (3.02E-03)
3.274E-01 (1.15E-02)

4.066E-02 (5.31E-04) +
1.858E-01 (2.12E-03) —
3.258E-01 (1.25E-02) =

4.313E-02 (7.79E-04) +
1.832E-01 (2.34E-03) =~
3.219E-01 (1.09E-02) +

4.077E-02 (4.94E-04) +
1.825E-01 (3.16E-03) =~
3.226E-01 (1.12E-02) +

WEGS

8.658E-02 (1.30E-03)
2.519E-01 (8.57E-03)
4.163E-01 (7.50E-03)

7.901E-02 (1.19E-03) +
2.479E-01 (7.20E-03) +
4.127E-01 (5.93E-03) +

8.652E-02 (2.75E-03) ~
2.544E-01 (8.10E-03) ~
4.175E-01 (7.32E-03) =

7.909E-02 (1.60E-03) +
2.496E-01 (9.83E-03) =~
4.006E-01 (9.42E-03) +

WFG9

~J] W W ~] W W ~J] W W ~] W W ~] W W

71.747E-02 (2.46E-02)
2.041E-01 (5.21E-03)
3.418E-01 (1.18E-02)

4.159E-02 (6.10E-04) +
1.832E-01 (7.10E-03) +
3.278E-01 (7.21E-03) +

4.423E-02 (7.08E-04) +
1.915E-01 (8.87E-03) +
3.322E-01 (8.41E-03) +

4.167E-02 (5.92E-04) +
1.921E-01 (6.43E-03) +
3.298E-01 (8.46E-03) +

Test: +/—/~

12/172

77

11/1/3

MA-DAC using different
MARL algorithms

Significantly better than DQN-1
in most cases

[Xue et al., NeurlPS 2022 Spotlight]
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Which MARL algorithm should we use?

2.4
oo
= S— e [
2 oL 5 QMIX
& 3.0 e LT DQN &) 1.2
i ———malalc
1.5 ] 0.6
J
0o B 00 =
0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000
Episodes Episodes
(a) 5D-Sigmoid (b) 10D-Sigmoid

Experiment on DACBench [Eimer et al., 1JCAI 2021]

http://www.lamda.nju.edu.cn/qgianc/

[Xue et al., NeurlPS 2022 Spotlight]
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[Adriaensen et al., JAIR 2023]

7.2 Limitations and Further Research

While these case studies and other previous applications provide a “proof of concept” for
automated DAC, we point out that much remains to be done to unlock its full potential, and
we hope that this work may serve as a stepping stone for further exploring this promising
line of research. In what remains, we will discuss some of the limitations of contemporary
work and provide specific directions for future research.

Jointly configuring many parameters: While static approaches are capable of jointly
configuring hundreds of parameters, the configuration space in contemporary DAC is typ-
ically much smaller, often considering only a single parameter. While the configuration
space is smaller, the candidate solution space (i.e., the dynamic configuration policy space)
grows exponentially with the number of reconfiguration points, in the worst case, and is
thus typically drastically larger than static configuration policy spaces. Although modern
techniques from reinforcement learning scale much better than ever before, we still know too
little about the internal structure of DAC problems to handle this exploding space of pos-
sible policies. For example, not much is known regarding interaction effects of parameters
in the DAC setting. If there should be only a few interaction effects between parameters as
in static AC (Hutter et al., 2014; Wang et al., 2016), learning several independent policies
might be a way forward.

Open Problem: How to adjust multiple

heterogeneous hyper-parameters
simultaneously? Done by MA-DAC

[Xue et al., NeurlPS 2022 Spotlight]
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(1 Can we learn to configure optimization algorithms dynamically?

> Multi-agent dynamic algorithm configuration [Xue et al., NeurlPS’22 Spotlight]

(JCan we learn to construct optimization algorithms directly?

(1 Can we learn to select proper optimization algorithms automatically?

http://www.lamda.nju.edu.cn/qgianc/
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End-to-end Learning for Black-box Optimization (BBO) hetp: oo lamda.i.edu.cn

BBO: Optimize an objective function f(x), with the only permission of querying f (x)

End-to-end learning for BBO: Utilize data from the task distribution P(F) to pre-train a
model M, which performs like an algorithm to optimize unseen objective functions

Task 1 Algorithm T
f A, (Data 1
Pre-trained Unseen
"t [] tt - Model M f(x)
Task N Algorithm P “Algorithm”
fn Ag W

http://www.lamda.nju.edu.cn/qgianc/
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Source task: f; ~ P(F) fi AMU‘Q
Behavior algorithm: A;,j =1, K f1:v C(_) :

M Ax
i .. . = L pblm
Offline dataset: Dy ; {hT }mzl Collected by executing a behavior BBO

algorithm A; on f;

“,] hr = {x1,y1,%2,y2 -, xr,y7} | {Di}

Re=Yproprr OF = ¥er)

MET = {xO; }’01:_139_: X1, Y1) ey X, yT»:RT:}\ {ﬁl,]}

Augment histories by regret-to-go (RTG)
T *
Re = 2pr=erai(V" = y¢r)

[Song et al., JCAI'25] http://www.lamda.nju.edu.cn/gianc/



Reinforced In-context BBO

[PAD]|[PAD]| Ry | X1 | ¥1 | Ry Xt | Ye | Re
( )
Causal Transformer
\_ J

samp/ingﬂ samplingﬂ samplingﬂ
X1 X2 Xt+1
(b) Training and Inference
Naive RTG update strategy for inference

Ry

LAIViDA
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Lrippo(0) = — ,h_T:1_)_ [z:t 1108 Mg (x¢|he— 1)]

h————

Augmented Histories

Re = Z’:t+1(y* — V')

Bring identifiability of algorithms
and help generate user-desired
algorithms automatically

1= =) Fall below O

[Song et al.,

IJCAI'25]

http://www.lamda.nju.edu.cn/qgianc/
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Hindsight Regret Relabeling (HRR) for inference

Algorithm 1 Model Inference with HRR
Input: trained model My, budget 7', optimum value y*

Process: . _ .
1: Tnitialize context ho = {(zo, o, Ro)}, where g and The immediate RTG is set as 0 to generate
yo are placeholders for padding and Ry = 0; the most advantageous solutions

2: fort=1,2,...,T do A
Generate the next query point &; ~ Mg(+|hs—1);
Evaluate x; to obtain y; = f(x);

3

4

5:  Calculate the instantaneous regret r = y* — y;; Previous RTG tokens are updated by
6: Relabel R; < R; + r, for each (x;,y;, R;) in h;_1;

7

8:

hy = by U{(xs,:,0)}; adding the current regret
end for

Re = Nprepr (V" — ) = 0
x - T *
Ri = Xi—ip (V" = yer) - Ri=Y¢—i " —ye)

[Song et al., JCAI'25] http://www.lamda.nju.edu.cn/gianc/
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Behavior algorithms

* Heuristic search, e.g., random search, shuffled grid search, hill climbing
* Evolutionary algorithms, e.g., regularized evolution, eagle strategy, CMA-ES
* Bayesian optimization, e.g., GP-EI

Benchmarks

« BBOB functions [Elhara et al., 2019]

e HPO [Arango et al., 2021]

* Robot control problems [Wang et al., 2018]

A series of transformation are used to construct training and test data sets for BBOB and
robot control problems, and a training and test split is provided by the authors for HPO

[Song et al., JCAI'25] http://www.lamda.nju.edu.cn/gianc/
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|Google, NeurlPS’22] makes the first attempt on learning end-to-end black-box optimizers

with text-based Transformers

e Convert the metadata (description of the
problem and algorithm) into text

* Convert the historical optimization trajectory
of classical algorithms into text

* Train the OPTFormer to learn the converted
trajectories from datasets

Training

£(O;m,h) = 2 log Py (h™ |m, hA:n=1)

I /);\ /1\ /,\ P 1\

O O O O O
OptFormer

OC)OO Oi0.0 OO

PR g, | 4 Pr.. B | 4o Pre. 3 | 4
; g™ W, /6 C, /6N dc /6N
“a Ky oy “a (& =,
70 %g ‘f /76 | 3 ., 0(| Sy KIO:?‘/ 07| Oy
//SGOS .
4/

d@c

OQ

Outputs:

S
e .
l/

Inputs:

a,,,,7
Metadata

Trial 1 Trial ¢

Inference

wCeelm hey) = | [ poGeim, oy, x70)

[Song et al., JCAI'25]

http://www.lamda.nju.edu.cn/qgianc/
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Baselines

 OptFormer [Google, NeurlPS'22]: Imitate the behavior of algorithms with an

identifier of algorithm
Cannot select proper algorithms automatically

e Behavior cloning [Bain & Sammut, 1995]: Imitate the behavior of algorithms

by optimizing
Average performance of

T
Lpc(6) = —Eppp,; [thllogMB(xtmt—l) behavior algorithms

Our method RIBBO: = _
A  histories b oy [ =tnmy x| @) Generate user-desired
ugment histories by regret-to-go ( r =y o - . .
& yreg g 2Nl 12 algorithms automatically

T — _
Rt — t’:t-l-l(y* _ yt’) “hT = {X0, Y0, Ro, X1, 1, -, X7, Y7, R7}| {Di,j}

[Song et al., JCAI'25] http://www.lamda.nju.edu.cn/gianc/
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= RIBBO BC = BCFilter = Optformer
= Hill Climbing = Regularized Evolution Eagle Strategy = CMA-ES GP-El
GriewankRosenbrock Lunacek Rastrigin RosenbrockRotated
1.00 ]

1.00 - 1.00 1.00{ —— — ;
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20.98 r% | 309 20.98 T | 200s /
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0961 |/ o T 0.96 °
g g 0.85 g / E 0.96
© 0.941 | © © 0.94 [
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SharpRidge SVM XGBoost Rover
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1.2
g — | 3 g g 09 =
@ 99 | 3% sl01 ] T 08 T
—T | ——
g 0.8 /// _— 0.6 9 081 ==t —T—F go7 //L/
(X | = i i e i |
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2 0.7 2 - § 0.4 E:: 1 —TT § 0.5
0.4
0.6 , / : , 0.21 , . 0.2
) 50 100 150 0 50 100 0 50 100 50 100 150

Number of evaluations Number of evaluations Number of evaluations

Number of evaluations

RIBBO outperforms the behavior algorithms and baselines

[Song et al., JCAI'25]
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Cross-distribution generalization

GriewankRosenbrock

:

o
0
@

© ©
£ 8

Normalized value
=
o
N

=)
S

50 100 150
Number of evaluations

RIBBO can generalize to
unseen function distributions

train on 4 other function distributions and test on
GriewankRosenbrock, which has different properties

Influence of initial RTG token

GriewankRosenbrock

301 —— HRR (Ry=0)
25- HRR (Rg=5)
o —}— HRR (Ry=10)
220+
8 .
o154 |
w e
L “‘~<
g1 ‘
T M
01 — —r—r—

0 50 100 150
Number of evaluations
By incorporating RTG tokens into the
optimization histories, RIBBO can automatically

generate user-desired optimization trajectories

[Song et al., JCAI'25]

http://www.lamda.nju.edu.cn/qgianc/
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(1 Can we learn to configure optimization algorithms dynamically?

» Multi-agent dynamic algorithm configuration [Xue et al., NeurIPS’22 Spotlight]

(JCan we learn to construct optimization algorithms directly?

» Pretrained seg-to-seq model for black-box optimization [Song et al., IJCAI'25]

(JCan we learn to select proper optimization algorithms automatically?

http://www.lamda.nju.edu.cn/qgianc/



End-to-end Learning for Combinatorial Optimization

Traditional heuristic algorithms

Expert knowledge

Handcrafted

Instance Algorithm

Low efficiency Iterations

Solutions

“Approximate solutions can be found by leveraging problem special structure”

LAVIDA

Learning And Mining from DatA
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Learning to construct solutions
* An end-to-end learning way

ElE

Offline datasets

Data-drlven Learning algorithms
" o High efficiency
i o B ] oo . A Extend . _
o Partial Solutions
AR
Unseen Instance Model

Complete Solutions

Generalization

[Bengio et al., EJOR’21]

http://www.lamda.nju.edu.cn/qgianc/
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VRPs: a kind of canonical NP-hard combinatorial optimization problems, with broad
applications in logistics and transportation

The goal: plan the routes and assign them to vehicles, aiming to minimize the total length
while satisfying the demands of nodes and the limited capacity of vehicles

Capacity=10

= n
N=8 n .
n
A = .
®
Depot n,
Ng ng

Vehicle capacity: Q. Problem scale: N.

Node info: {n; = (x;,y;,d;),i =1,2,..,N}.

Coordinates Demand

(a)

{no, ny, ny, M3, M9, 14, N5, Ng, N, N7, Mg, N }

Route 1 Route 2 Route 3

(b)

http://www.lamda.nju.edu.cn/qgianc/
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A sequential solution can be naturally constructed in an autoregressive way
P(T) = HtP(Tt | I {To;T1; ---;Tt—1}) [Vinyals et al., NeurlPS’15]
A common paradigm: Formulated as a Markov decision process and solved by RL

 State: The partial solution {t,, 74, ..., Tt—1}, always reduced to {7y, T;_1}
* Action: The next node 7, to visit

* Reward: Negative objective value N
State
Update
N = 8n My n, g ® @ ® Q o
.gi o PP g=|= context @0t
epot n o ¥y o [ — | ""‘q‘/v .

ng Ng H ‘ h h . o o —r ! ACt on

n \ O =1 ((/.7"‘\} + @) + &) + (’.‘_"\,1) J e R - 3

' Node embeddings ’

Instance Encoder Decoder  [Kool et al., ICLR"19]

http://www.lamda.nju.edu.cn/qgianc/
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Previous methods are usually trained on synthetic instances with specified distributions

Training problem instances [kool et al., ICLR'19] Real-world problem instances
* Small-scale (N < 200) . * Large-scale with several thousand nodes
 Uniform node distribution . * Complex and unknown node distribution

Training problem instances Real-world problem instances

Hard to generalize

4

Small-scale and uniformly distributed Large-scale and complex

http://www.lamda.nju.edu.cn/qgianc/
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Table 2: Experiment results on TSP
-_ TSP20 TSP50 TSP100 |

Len. Gap Time | Len. Gap  Time |Len. Gap  Time
P N Concorde 3.83 - (5m) | 5.69 - (13m) | 7.76 - (1h)
Traini ng on TSP pro blems with 100 nodes LKH3 383 0.00% (425) | 5.69 0.00% (6m)|7.76 0.00% (25m)
. . . . Gurobi 3.83 0.00% (7s) | 5.69 0.00% (2m) | 7.76 0.00% (17m)
OR Tools 386 094% (Im)|5.85 2.87% (5m) | 8.06 3.86% (23m)
a n d u n Ifo r m d I St rl b Ut I O n Farthest Insertion 3.92 2.36% (Is) | 6.00 5.53% (2s) | 8.35 7.59% (7s)

GCN [9], beam search || 3.83 0.01% (12m) | 5.69 0.01% (18m) | 7.87 1.39% (40m)
Improv. [11], {5000} || 3.83 0.00% (th) | 5.70 0.20%  (1h) | 7.87 1.42%  (2h)
Improv. [12], {2000} | 3.83 0.00% (15m) |5.70 0.12% (29m) | 7.83 0.87% (41m)

AM [10], greedy 384 0.19% (<ls)|5.76 121%  (Is)|8.03 351%  (2s)
AM [10], sampling 383 0.07% (Im)|571 039% (5m)|7.92 1.98% (22m)

. I 1 1 . (o) POMO, single trajec. || 3.83 0.12% (<1s)|5.73 0.64%  (Is)] 7.84 1.07%  (2s)
In dlStrlbUthn. Gap < 1A’ POMO, no augment. || 3.83 0.04% (<ls)|5.70 021%  (2s)] 7.80 0.46% (11s)
POMO, x8 augment. | 3.83 0.00% 3s) [ 5.69 0.03% (16s)} 7.77 0.14% (1m)

[Kwon et al., NeurlPS’20]

Cross-Size and Distribution Generalization (1K ins.)

Method (300, R) (300, E) (500, R) (500, E) (1000, R) (1000, E)

Obj. (Gap) Time Obj. (Gap) Time Obj. (Gap) Time Obj. (Gap) Time Obj. (Gap) Time Obj. (Gap) Time

Concorde 9.79 (0.00%) 12m  9.48 (0.00%) 1.5m | 12.39 (0.00%) 5.0m 11.73 (0.00%) 5.8m 17.09 (0.00%) 0.7h 15.66 (0.00%) 0.9h
LKH3 9.79 (0.00%)  6.0m  9.48 (0.00%) 6.8m | 12.39(0.00%) 11.8m  11.73(0.00%) 13.8m | 17.09 (0.00%) 0.4h 15.66 (0.00%) 0.5h
POMO 10.23 (4.43%) 1.5m  9.88 (4.20%) 1.5m | 13.63 (10.00%)  6.0m 12.89 (9.88%) 6.0m | 20.74 (21.38%) 0.8h  18.94 (20.97%)  0.8h

AMDKD-POMO 10.35 (5.69%) 1.5m  10.06 (6.15%) 1.5m

Cross-distribution and scale: Gap > 10% [Zhou et al., ICML'23]

13.74 (10.85%) 6.0m  13.08 (11.52%) 6.0m | 20.73 (21.25%) 0.8h  19.08 (21.85%)  0.8h

http://www.lamda.nju.edu.cn/qgianc/
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Recent Works on Improving Generalization

Knowledge distillation

Divide and conquer Heavy decoder
[Fu et al., AAAI'21] [Luo et al., NeurlPS’23]
) z} _ (Sartogode | (ABEBENote Dtpation o | et Comepeth (T —— ] * e}
o, o | Samplizil | ° + LJCEE. u} : . )
<. = - - O\C/\ Fusion L ( Attentlonil.ayerxL ) 3 )
Input Graph| : Heat Map [ Linear Projection ] i
. Linear Projection v ;
( Softmax ] i
L c\o. . =l Encoder Decoder I i
N, [ ode Festres | |
Sub-Heat Map 4 |
Cross-scale Cross-scale

Meta learning [Zhou et al., ICML'23]
BN o ) Different from utilizing advanced learning methods,

d

,,

e

- We are to design
transferable features of the problem itself

|

=

Training Task Set

Cross-scale and Cross-distribution

http://www.lamda.nju.edu.cn/qgianc/
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Local Policy

Local topological features have great potential to be transferable

* Invariant to different problem scales
* More local similarity between varying node distributions

The optimal action (i.e., next node) is often included in local neighbor nodes

State space @ Action space

Local subgraph e —
* K nearest neighbors of the current node and itself K nearest
{(p;,0;)]i =0,1,..,K)} neighbor nodes

« Normalize to a unit ball: p; <« p;/Pmax

http://www.lamda.nju.edu.cn/qgianc/

[Gao et al., IJCAI'24]
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Attention-based architecture
° /Lacalpolicy iy T ! \ *
. ° o o (pi, 6., d;) h ! o« ° ° o
‘ PN ] . N e
° ° | coel S C
¢ o, ¢ : I § I ,;q:) g Em : ° <f§ ‘e
o [ s Y R 4 =S o =EE= | Z:>.. S
* e o ° Depote e : S5 2 c o © oo
e, " " . |2 < Uiocal (ac]S¢) L e
. ) I c °
° K Local state ~ " (Jonfext Vector / Next action
® Current node
K nearest valid

neighbor nodes

® Other nodes Linear embedding layer

R h_: Learnable context
h,=Wx;+b +:PE(xl-),:i e{1,.. K} vector for representing

Positional encoding according to the current node

the distance ordering

[Gao et al., IJCAI'24] http://www.lamda.nju.edu.cn/gianc/
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Attention-based architecture
. /2mﬂHmMW . < r--T =" |r"""":\ .
° ® e o (pl,Hl,dl) h1 | I | e ° b ® o
¢ TN I | g ) ' . e N e
. s - 5| ol |85 L. ()
[ PI=] | > ()
o [ s Y R 4 &= l’:fﬁ*a'_—f'f w5 . epot.
e o ° Depote — LS 2, ' e e
© e, .. ° h : 2 < :l Ujocal (At |S¢) : ° e
. ® c | °
° \\ Local state QMawﬁﬁ"""""i"':y Next action

® Current node

K nearest valid
neighbor nodes

® Other nodes

k;

= thi,vi
h, = MHA([k4, ...

Multi-head attention

= thi,q = thc,
) kK], [vl, cee

Aggregating the neighborhood
information to the context vector

vK]i q)

Action scores

[ _
Ulocal —

S

fﬁghi .
) if n; (S N(Ct),
Ve
. 0, otherwise.

[Gao et al.,

IJCAI'24]

http://www.lamda.nju.edu.cn/qgianc/
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Local policy
Reduces the state and action spaces to a local subgraph

Global policy, e.g., POMO [Kwon et al., NeurlPS’20]
Any typical constructive models that learn from the global information of complete VRP ins

Local policy Transferrable across
out-of-distribution instance
Ensemble

> Better generalization

Global policy G_OOd_lea_mln_g Ca.pauty for
in-distribution instance

[Gao et al., IJCAI'24] http://www.lamda.nju.edu.cn/gianc/
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Ensemble strategy
* Addition aggregation: The action score

Uens = Uglobal T Ulocal

. _)C: tanh(uéns), if action q; is valid.
masked —inf, otherwise

Tens = Softmax(Umasked)

We use REINFORCE algorithm with shared baseline [Kwon et al., NeurIPS’20]
* Shared baseline: Average reward of multiple rollouts

" N-B Z Z(RU NZ R; ;) Vlog Tens(7;, /)

i=1j=

[Gao et al., IJCAI'24] http://www.lamda.nju.edu.cn/gianc/
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Training data generator

* Node coordinates and demands are sampled from uniform distribution

* Fixed problem scale and vehicle capacity: N = 100 and Q = 50

Test on diverse problem instances with large scales and complex distributions

Baselines

* POMO-based: POMO [Kwon et al., NeurlPS’20], Sym-POMO [Kim et al., NeurIPS’22]

* Cross-distribution methods: AMDKD [Bi et al., NeurlPS’22], and Omni [Zhou et al., ICML'23]

* Cross-scale methods: Pointerformer [Jin et al., AAAI'23], LEHD [Luo et al., NeurlPS’23], and BQ
[Drakulic et al., NeurlPS’23]

e Diffusion-based: DIFUSCO [Sun & Yang, NeurlPS’23] and T2TCO |[Li et al., NeurlPS’23]

[Gao et al., IJCAI'24] http://www.lamda.nju.edu.cn/gianc/
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On CVRPLib Set-X [Uchoa et al., EJOR 2017]: Synthetic complex instances with N € [100,1000]

Method (0, 200] | (200, 1000] Total Time
Nonlearnin LKH3 0.36% 1.18% 1.00% | 16m
o & «—  HGS 0.01% 0.13% 0.11% | 16m
euristics HGS (less time) 0.21% 1.28% 1.59% 10s
POMO 5.26% 11.82% 10.37% | 0.80s
Sym-POMO 9.99% 27.09% | 23.32% | 0.87s
Omni-POMO 5.04% 6.95% 6.52% | 0.75s

State-of-the-art
Onsfre five ni:‘trho ,«—— LEHD 11.11% | 1273% | 12.25% | 1.67s
¢ uc BQ 10.60% 10.97% 10.89% | 3.36s
ELG-POMO (Ours) | 4.51% 6.46 % 6.03% | 1.90s

Our ELG-POMO outperforms the SOTA constructive method

[Gao et al., IJCAI'24] http://www.lamda.nju.edu.cn/gianc/
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Experimental Results

On CVRPLib Set-XXL [Arnold et al., COR 2019]: Real-world instances with several thousand nodes

Method Al A2 L1 L2

POMO 112.27% | 159.22% | 75.30% 78.16%
Sym-POMO 79.72% | 179.55% | 170.44% | 179.55%
Omni-POMO 42.52% 48.59% 22:79% 60.39%
LEHD 18.90% 26.40% 14.04% 26.30%
BQ 11.21% 15.02 % 13.21% 24.00%
ELG-POMO (Ours) | 10.70% 17.69% 10.77% | 21.80%

Our ELG-POMO even works well on real-world instances with several thousand nodes

http://www.lamda.nju.edu.cn/qgianc/

[Gao et al., IJCAI'24]
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Experimental Results

On TSPLib [Reinelt, 1991]: various instances with N < 1002

Method (0, 200] | (200, 1002] Total Time

LKH3 0.00% 0.00% | 0.00% | 24s

POMO 3.07% 13.35% 7.45% 0.41s

Sym-POMO 2.88% 15.35% 8.29% 0.34s

Omni-POMO 1.74% 7.47% 4.16% 0.34s

Pointerformer 2.31% 11.47% 6.32% 0.24s

LEHD 2.03% 3.12% 2.50% 1.28s

BQ 1.62% 2.39% D22 %0 2.83s

DIFUSCO 1.84% 10.83% 5.77% | 30.68s Heavy decoder can learn
T2TCO 1.87% 9.72% 3.30% | 30.82s strong scale-invariant features
ELG-POMO (Ours) 1.12% 5.90% 3.08% 0.63s

[Gao et al., IJCAI'24]

http://www.lamda.nju.edu.cn/qgianc/
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(1 Can we learn to configure optimization algorithms dynamically?

» Multi-agent dynamic algorithm configuration [Xue et al., NeurIPS’22 Spotlight]

(Can we learn to construct optimization algorithms directly?
» Pretrained seg-to-seq model for black-box optimization [Song et al., IJCAI'25]

» Generalizable neural solvers for vehicle routing problems [Gao et al., IJCAI'24]

(1 Can we learn to select proper optimization algorithms automatically?

http://www.lamda.nju.edu.cn/qgianc/
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Instance
J

Algorithm Algorithm
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> Selection —>
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The most
proper Algorithm

Algorithm
dq*

Algorithm selection has been applied in many fields, e.g., machine learning and

black-box optimization

But it’s new for neural combinatorial optimization!

http://www.lamda.nju.edu.cn/qgianc/
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Different neural solvers demonstrate complementary performance at instance level

10

EEl Scale-related capacity
Bl Capacity from triangular distributions
8
6
4
2
0

G \
\er® ot \LEn© 8Q e\ oo

o o o
N w EY

Optimality Gap (%)

Percentages of Winning (%)
o
=

o
o

(a) Percentages of Winning (b) Optimality Gap (Average)

The change of problem distribution

Different solvers win on different instances
almost reverses the rank of solvers

[Gao et al., ICML'25] http://www.lamda.nju.edu.cn/gianc/
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We introduce the idea of solver selection into the field of NCO for the first time

Feature
Extraction

Selection
Model

The most proper solver(s)

Selection
Strategy

)

[Gao et al., ICML'25]

http://www.lamda.nju.edu.cn/qgianc/
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As an instantiation, we apply neural solver selection to two widely studied problems:
Traveling Salesman Problem (TSP) and Capacitated Vehicle Routing Problem (CVRP)

Omni jicvi23]
BQ [NeurlPS’23]

Omni jicvi23)
BQ [NeurlPS’23]

LEHD [NeurlPS’23]
LEHD [NeurlPS’23]
DIFUSCO (neurips23) INVIT 1icviv2a
TZT [NeurlPS’23] INViT (CML24] ELG [IJCAI'24]
ELG (ucara) MVMOE [icvi24)

Neural solver pool for TSP Neural solver pool for CVRP

[Gao et al., ICML'25] http://www.lamda.nju.edu.cn/gianc/
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Feature extraction

A hierarchical graph encoder

* Adapt graph pooling to construct multi-level local views of problem instances
* Leverage the similarity of local views to boost OOD generalization

Selection model

A MLP to predict scores of neural solvers, trained by

* C(Classification: Treat the best solver as the ground truth label
* Ranking: Rank solvers according to their performance metrics

Selection strategies
* Greedy, top-k, rejection-based, and top-p selection

[Gao et al., ICML'25] http://www.lamda.nju.edu.cn/gianc/



Experimental Results

Results on synthetic dataset with Gaussian distribution and N € [50,500]

State-of-the-art

D —

individual solvers

/

Run all the solvers
and select the best

Methods pd Methods H ik

Gap | Time | Gap | Time
BQ (3rd) 3.00% 1.40s LEHD (3rd) 7.37% 1.01s
T2T (2nd) 2.40% 1.58s BQ (2nd) 7.20% 1.59s
DIFUSCO (Ist) 2.33% 1.45s Omni (/st) 6.82% 0.24s
OPT 1.24% 8.93s OPT 4.64% 4.38s
Selection by classification Selection by classification
Greedy 1.94% (0.02%) | 1.36s (0.01s) Greedy 5.35% (0.02%) | 0.64s (0.01s)
Top-k (k = 2) 1.53% (0.01%) | 2.52s (0.04s) Top-k (k=2) | 4.81% (0.01%) | 1.87s(0.03s)
Rejection (20%) | 1.81% (0.01%) | 1.63s (0.01s) Rejection (20%) | 5.19% (0.03%) | 0.77s (0.01s)
Top-p (p = 0.5) | 1.84% (0.03%) | 1.55s (0.06s) Top-p (p = 0.8) | 5.16% (0.03%) | 0.87s (0.08s)
Selection by ranking Selection by ranking
Greedy 1.86% (0.01%) | 1.33s (0.01s) Greedy 5.31% (0.01%) | 0.62s (0.01s)
Top-k (k = 2) 1.51% (0.02%) | 2.56s (0.03s) Top-k (k = 2) 4.82% (0.01%) | 1.90s (0.04s)
Rejection (20%) | 1.75% (0.02%) | 1.63s (0.01s) Rejection (20%) | 5.15% (0.02%) | 0.74s (0.015s)
Top-p (p = 0.5) | 1.68% (0.02%) | 1.86s (0.07s) Top-p (p = 0.8) | 4.99% (0.02%) | 1.03s (0.03s)

LAIViDA

Learning And Mining from DatA
http://www.lamda.nju.edu.cn

Our method is close
to OPT, but achieves
significant speedup

Our method outperforms the best individual solvers on TSP and CVRP,
and can even consume less time on TSP

[Gao et al., ICML'25]
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Experimental Results

Generalization results on out-of-distribution datasets
* Training: Synthetic dataset with Gaussian distribution and N € [50,500]
* Test: TSPLIB/CVRPLIB with more complex distributions and N € [50,1002]

| TSPLIB

Methods |

CVRPLIB Set-X

Methods
| Gap | Time | Gap | Time
State-of-the-art BQ (3rd) 3.04% 1.44s BQ (3rd) 10.31% 2.60s
. — ¥
ingl lver DISFUCO (2nd) 2.13% 1.44s Omni (2nd) 6.21% 0.38s
SINgIe SOIVers T2T (Ist) 1.95% 1.74s ELG (Ist) 6.10% 1.31s
OFT 0.89% 9.14s OPT 5.10% 6.81s
Selection by classification Selection by classification

Run all the solvers  Greedy 1.54% (0.05%) | 1.33s (0.02s) Greedy 5.96% (0.12%) | 1.06s (0.08s)
Top-k (k= 2) | 1.22% (0.10%) | 2.47s (0.02s) Top-k (k= 2) | 5.44% (0.08%) | 2.40s0.259)  Qur method is
and select the best  Rejection (20%) | 1.42% (0.11%) | 1.54s (0.03s) Rejection (20%) | 5.83% (0.12%) | 1.31s (0.09s)
Top-p (p = 0.5) | 1.49% (0.11%) | 1.37s (0.02s) Top-p (p=0.8) | 5.79% (0.09%) | 14250179  robust a gainst the

Selection by ranking

Selection by ranking

Greedy 1.33% (0.06%) | 1.28s (0.03s) Greedy 5.76% (0.04%) | 1.31s (0.10s)
Top-k (k =2) | 1.07% (0.03%) | 2.48s (0.02s) Top-k (k=2) | 5.39% (0.06%) | 2.56s (0.13s)
Rejection (20%) | 1.26% (0.03%) | 1.51s (0.04s) Rejection (20%) | 5.63% (0.05%) | 1.60s (0.08s)
Top-p (p = 0.5) | 1.28% (0.04%) | 1.46s (0.06s) Top-p (p = 0.8) | 5.61% (0.03%) | 1.72s (0.08s)

distribution shifts

[Gao et al., ICML'25]
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Comparison between top-k selection and solver portfolio with the same size
* Solver portfolio: The optimal solver subset obtained by enumeration

Optimality gap (%)
S R
o 00 o N
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»
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N
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CVRPLIB Set-X
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————— - OPT

—— Solver portfolio with size k

—+— Top-k selection

Our top-k selection
consistently outperforms
the size-k solver portfolio

We hope this work can open a new line for NCO. Many future works: Neural solver
feature, runtime-aware selection, complementary solvers, etc.

[Gao et al., ICML'25]
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(1 Can we learn to configure optimization algorithms dynamically?

» Multi-agent dynamic algorithm configuration [Xue et al., NeurIPS’22 Spotlight]

(Can we learn to construct optimization algorithms directly?
» Pretrained seg-to-seq model for black-box optimization [Song et al., IJCAI'25]

» Generalizable neural solvers for vehicle routing problems [Gao et al., IJCAI'24]

(1 Can we learn to select proper optimization algorithms automatically?
» Neural solver selection for combinatorial optimization [Gao et al., ICML'25]

http://www.lamda.nju.edu.cn/qgianc/
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Function design and verification: Design the RTL and verify the functions. (Document -> RTL)

Logic synthesis: Mapping the RTL design into netlist. (RTL -> Netlist)

Physical design: Design the physical layout according to netlist by EDA tools. (Netlist -> GDS)

Chip manufacturing: Fabricate the chip from GDS layout by photolithography. (GDS -> Product)

Design Document | | Logic Design (RTL) Netlist

Chip Layout (GDS)

Wafer

Chip Products

module alu32(Result, ALUOp, A, B, Zero) ;
output [‘ALULEN:0] Result;

reg
input [2:0] ALUOp;
input [‘*ALULEN:0] &, B;

always @(A or B or ALUOp)
egin
case (ALUOp)
3’b000: Result = & & B ;//and
3’b001: Result = & | B ;/for
e her itio

A
1/ add your code here for add: n, subtrac

1/ add your code here for Zero detect
end

Ol
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