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Domain-Independent Dynamic Programming (DIDP)

(Kuroiwa and Beck [ICAPS2023a, ICAPS2023b])

* Model & Solve framework based on dynamic programming (DP) for
combinatorial optimization (CO)

* Qutperformed MIP and CP across several domains in CO problems

MIP Cp CABS

c. m. c.m. C. m.
TSPTW (340) 224 0 47 0} 259 0O
CVRP (207) 28 5 0 0 6 0
m-PDTSP (1178) 940 01049 0§1035 0
OPTW (144) 16 0 49 0f 64 O
MDKP (276) 168 0 6 0 5 1
Bin Packing (1615) 1160 01234 01167 4
SALBP-1 (2100) 1431 250 1584 01802 0
1| X w;T; (375) 107 0 150 Of 288 O
Talent Scheduling (1000) 0 O 0 0239 0
MOSP (570) 241 14 437 0] 527 O
Graph-Clear (135) 26 0 4 0f 103 19

Number of instances proved to optimality (Kuroiwa and Beck, 2025) 1



Introduction

Reinforcement Learning for Combinatorial Optimization

* RL shares several key structures with DP
* Bellman equation
e State-based transition systems
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Introduction

Reinforcement Learning for Combinatorial Optimization

* RL shares several key structures with DP

* Bellman equation

e State-based transition systems

* Cappart et al. [aAAI2021] formulated optimization problems as DP
to enable RL-based guidance in CP solvers

* CPis solving the DP formulations
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Can we guide search in DIDP solvers using reinforcement learning (RL)?
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Domain-Independent Dynamic Programming (DIDP)

* The value function I/ (s) is recursively defined at each state s € S
* Optimal cost is V(s), where s is the initial state



Background

Combinatorial Optimization

Traveling Salesperson Problem (TSP)
* Minimize the total traveling distance, visiting all customers
e Start at the depot (index 0) and return to the depot




Background

Combinatorial Optimization

Traveling Salesperson Problem (TSP)
* Minimize the total traveling distance, visiting all customers
e Start at the depot (index 0) and return to the depot

Total distance: 15




DP Model for TSP

compute V(N \ {0}, 0)

(¢ fU=0Q Return to depot (Base case)
V(U,i) =« mm(cl] +VU\{LT)) IfU =@  Visit customer j (Transition)
\
State variables: Constants
* U:unvisited customer set * N:setofcustomers{0..n— 1}

* [:currentlocation * ¢;j:distance from customeritoj



DP Model for TSP

compute V(N \ {0}, 0)

(¢ fU=0Q Return to depot (Base case)
V(U,i) =« mm(cl] +VU\{LT)) IfU =@  Visit customer j (Transition)
\
V(U,i) = Zjeuu{O} MiNgen\(j}Cjx  Dual bound function (redundant information)
State variables: Constants
* U:unvisited customer set * N:setofcustomers{0..n— 1}

* [:currentlocation * ¢;j:distance from customeritoj



Heuristic State Space Search

Find a path by expanding states in the order of f-values
g-values: actual path cost to a state from the initial state

h-values: estimated path cost to a base case (dual bound in the current DIDP)
f-values: (= g + h): priority to expand

15+0=15

O Expanded node

O Node in Open List




Heuristic State Space Search

Find a path by expanding states in the order of f-values
g-values: actual path cost to a state from the initial state

h-values: estimated path cost to a base case (dual bound in the current DIDP)
f-values: (= g + h): priority to expand

15+0=15

O Expanded node

O Node in Open List

(Example solved with A¥)



Heuristic State Space Search

Find a path by expanding states in the order of f-values
g-values: actual path cost to a state from the initial state

h-values: estimated path cost to a base case (dual bound in the current DIDP)

f-values: (= g + h): priority to expand 15+0=15

3+6=9

O Expanded node

O Node in Open List

(Example solved with A¥)



Heuristic State Space Search

Find a path by expanding states in the order of f-values
g-values: actual path cost to a state from the initial state

h-values: estimated path cost to a base case (dual bound in the current DIDP)
f-values: (= g + h): priority to expand

15+0=15

O Expanded node

O Node in Open List

(Example solved with A¥)



Heuristic State Space Search

Find a path by expanding states in the order of f-values
g-values: actual path cost to a state from the initial state

h-values: estimated path cost to a base case (dual bound in the current DIDP)
f-values: (= g + h): priority to expand

15+0=15

O Expanded node

O Node in Open List

(Example solved with A¥)



Heuristic State Space Search

Find a path by expanding states in the order of f-values
g-values: actual path cost to a state from the initial state

h-values: estimated path cost to a base case (dual bound in the current DIDP)
f-values: (= g + h): priority to expand

15+0=15

O Expanded node

O Node in Open List

(Example solved with A¥)



Heuristic State Space Search

Find a path by expanding states in the order of f-values
g-values: actual path cost to a state from the initial state

h-values: estimated path cost to a base case (dual bound in the current DIDP)
f-values: (= g + h): priority to expand

15+0=15

O Expanded node

O Node in Open List

(Example solved with A¥)



Heuristic State Space Search

Find a path by expanding states in the order of f-values
g-values: actual path cost to a state from the initial state

h-values: estimated path cost to a base case (dual bound in the current DIDP)
f-values: (= g + h): priority to expand

15+0=15

O Expanded node

O Node in Open List

Good h-values will help quickly find good solutions
- Auser-defined dual bound function is not necessarily informative




Heuristic State Space Search

Find a path by expanding states in the order of f-values
g-values: actual path cost to a state from the initial state

h-values: estimated path cost to a base case (dual bound in the current DIDP)
f-values: (= g + h): priority to expand

15+0=15

O Expanded node

O Node in Open List

Good h-values will help quickly find good solutions
- Auser-defined dual bound function is not necessarily informative
- Canwe learn them through RL? 8




RL-based Guidance for DIDP

Reinforcement Learning (RL)
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Mapping from a DIDP Model to an RL Model

/ DP model \ / RL model \

State variables: {U, i} State s: {U, i} ‘ Same as DP ‘
 U:unvisited customer set
* [:currentlocation
Transition t Action a: ‘ a«—T ‘
* Visitcustomerj (j € U) Visit customer j
* UeU\yLie) Transition function T(s, a): Effect and
Visit customer j (j € U) precondition of T
T({U,i%,j) ={U\ UL/}
Transition cost: ¢;; Reward function: ‘ Negative costof T
R(S) a) — _Cia

\ VAN 10
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RL-based Guidance for DIDP

RL-based Guidance

DIDP model
(v,s0 T, B,C) Mapping R RL model
DIDP Search
s | &) o) ()

!

Value-based guidance (DQN) [1] State representation H
<= RL Agent |e=H

Neural networks

| f(s)=g() —
hs_
/\ W f(s) ~
][ ] [ ] S ]; f(S) N Orseau and Lelis [AAAI2021]

n: dual-bound function

L

nt(s™,a”) = n(sy, ap)n(sy, ay) .t(s™,a”)

[1] Mnih et al., Nature, 2015.
[2] Schulman et al., ArXiv preprint, 2017.
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RL-based Guidance for DIDP

Value-based Guidance

S

f(s)=g(s) -
Q d | []

DIDP model
v,sq T, B,C) Mapping R RL model
DIDP Search
s | [a]) (] [»]

!

Value-based guidance (DQN) [1] State representation H
<= RL Agent |e=H

Neural networks

7

[1] Mnih et al., Nature, 2015.
[2] Schulman et al., ArXiv preprint, 2017.
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RL-based Guidance for DIDP

Policy-based Guidance

DIDP model
(v,s0 T, B,C)

Mapping

DIDP Search

(g(s) +n(s))

f(s)
WS ] L’— f(S) - Orseau and Lelis [AAAI2021]

n: dual-bound function

RL model

S
1

RL Agent

—

AllT

3

Neural networks

7

I State representation H

nt(s™,a”) = n(sy, ap)n(sy, ay) .t(s™,a”)

[1] Mnih et al., Nature, 2015.

[2] Schulman et al., ArXiv preprint, 2017.
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RL Training Process

Instance generation é
Randomly generate an « tﬂl t Ukpdate t
Instance from a fixed Goo NEtWOrk parameters

distribution

Sample
experiences

Solve the instance

Add experiences

E ={ee,, }, Experience
st.e ={s,a,s',7} replay

a buffer

Follow the current policy

13




Experiments
Experiment Settings

e Solvers [Kuroiwa and Beck, ICAPS 2023]
« Complete Anytime Beam Search (CABS) [Zhang 1995]
* Anytime Column Progressive Search (ACPS) [Vadlamudi et al. 2012]
* Anytime Pack Progressive Search (APPS) [Vadlamudi et al. 2016]

15



Experiments
Experiment Settings

e Solvers [Kuroiwa and Beck, ICAPS 2023]
« Complete Anytime Beam Search (CABS) [Zhang 1995]
* Anytime Column Progressive Search (ACPS) [Vadlamudi et al. 2012]
* Anytime Pack Progressive Search (APPS) [Vadlamudi et al. 2016]

* Baselines
 h=0
* h=dual-bound (default implementation)
* h=greedy (problem-specific)
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Result (TSP)

Average Gap [%]
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Result (TSP)

Average Gap [%]

1 |lx(i,m,)—best(i)|
Average Gap [%] = — ), ; . X 100
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Result (TSP)

Average Gap [%]
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Result (TSP)

Solution cost Best-known solution for i
\ L
1 |x(i,m,l)—best(i)]
Average Gap [%] = — ),; : X 100
g p [%] » ZlEITLStCLTLCQS best(i)
* x(i,m,l) is the solution cost of method m for instance i up to the node expansion limit [
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* PPO guidance significantly outperformed other heuristics

* DQN also outperformed the dual-bound guidance except APPS 17



TSPTW

e Minimize the travel time to visit all customers within time windows

* Many states can be pruned based on time window constraints

m@ ° @ [8, 14]

[5, 16] [0, 10] 18



Experiments
Result (TSPTW)
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Result (TSPTW)

Average gap for pure RL
TSPn =50

TSPTWn = 50

State Expansions

State Expansions

(TSP RL) (TSPTW RL)
DQN  20.14 [%] (No feasible sol.)
PPO  3.85[%] 46.93 [%]
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Result (TSPTW) pvrsi ep forpure

TSPn =50 TSPTWn =50
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RL guidance (TSP RL) achieved about the same performance as othersincludingh = 0
Many states are pruned by time windows — unpromising transitions are already pruned
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Weight: 7 5 4 Budget: 10

{3, 2,} {1, 6,} {1 1,}
5,5 2,2 9,3

Portfolio

* Maximize profits with budget B
* Foreachitemi € {0...n — 1}, determine whether to invest i

Standard deviation

T T

TL T / X
maximize ()\1 E [LiT; — A9 i E crff:zr?; + A3 2 E q.f;zz — A\ E r{?:zra-)
e =1 \ Sl \ =1

=1 return i=1 gkewness \ =1

o

subjectto » a;z; < B (Total cost must be within budget B)
i—1 cost

r; €{0,1} vie{l...n}
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Result (Portfolio)

Average Gap [%]
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PPO guidance significantly outperforms problem-specific greedy guidance
DQN guidance also surpassed the dual-bound guidance

108
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Knapsack

 Maximize profits within capacity C
* Foreachitemi € {0...n — 1}, determine whether to take i

6 Capacity: 10

Weight: 7

15
11

8 N
™\ Profit

22



RL-based Guidance for DIDP

Result (Knapsack)
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All the heuristic guidance achieved similar performance
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During training, the policies by DQN and PPO rapidly converged to the best-
ratio heuristic (greedy heuristic)
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e
Result (Solve-time Performance, CABS

TSP TSPTW
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Future Work

* RL guidance is slower due to longer state evaluation time

* Future work should focus on:
* Reducing state evaluation time

TSP (Solve-time)

= h=dual
h=DQN
e T=PPO
s =0
= h=greedy

Average Gap [%]
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Future Work

* RL guidance is slower due to longer state evaluation time

* Future work should focus on:
* Reducing state evaluation time

TSP (Solve-time) New Result!
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Future Work

* RL guidance is slower due to longer state evaluation time

* Future work should focus on:
* Reducing state evaluation time
* Automating RL model building

TSP (Solve-time) New Result!
20 20
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Experiments
Result (Solve Time Performance)

Portfolio
n=20 n=50

0-1 Knapsack

n-50 n=100

Type Name Gap Time| Gap Time |Feas. Gap Time|Feas. Gap Time| Gap Time| Gap Time| Gap Time| Gap Time
h=greedy| 0.00 292| 2.79 -l 200.00* <1| 200.00* 22| 0.00 -/ 0.00 -10.00* 15| 1.48 -

CABS h=dual |0.00* 19| 1.86 -l 200.00* <1| 200.00* <1| 0.00 -1 0.09 -10.00* 2| 0.81 -

h=DQN | 0.00 154| 12.05 t.o.| 200.00* 44| 200.00* 765/ 0.00 t.o.| 0.05 t.0.|0.00% 780| 0.77 t.o.

7=PPO | 0.00 32| 3.89 t.o.| 200.00* 40| 200.00* 860| 0.00 t.o.| 0.00 t.0.|0.00% 477| 0.19 t.o.

h=greedy|0.00* 62| 2.45 -|  200.00* <1| 200.00* 2| 0.00 -1 0.00 -10.00%* 4| 1.17 -

DIDP ACPS h=dual |0.00* 8/ 6.35 -l 200.00* <1| 200.00* <1/ 0.00 -1 0.21 -(0.00* <1 2.14 -
h=DQN | 0.00 371] 10.09 t.o.| 200.00* 11| 200.00* 99| 0.00 t.o.| 0.03 t.0.|0.00*% 180| 0.50 t.o.

m=PPO | 0.00 345 245 t.o.| 200.00* 11| 200.00* 123| 0.00 t.o.| 0.00 t.0.|0.00*% 119| 0.14 t.o.

h=greedy|0.00* 66| 3.46 -| 200.00% <1| 200.00* 4| 0.00 -/ 0.00 -10.00* 4| 2.86 -

APPS h=dual |0.00* 8| 8.30 -l 200.00* <1| 200.00* <1/ 0.00 -1 0.58 -10.00* <1| 4.74 -

h=DQN | 1.08 t.o.| 31.57 t.o.| 200.00* 13| 200.00* 141| 0.00 t.o.| 0.03 t.0.|0.00% 187| 5.01 t.o.

m=PPO | 0.20 t.o.| 4.17 t.o.| 200.00* 12| 200.00* 141| 0.00 t.o.| 0.00 t.0.|0.00* 119| 0.10 t.o.

Bold: lowest average gap for each problem domain and n
*: optimality was proven
Red: the method achieves a better average gap than h=dual-bound using the same solver
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Experiments
Result (Solve Time Performance)

Portfolio
n=20 n=50
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m=PPOJ]| 0.00 345 245 t.o.| 200.00* 11| 200.00* 123| 0.00 t.o.| 0.00 t.0.|0.00% 119| 0.14 t.o.

h=greedy|0.00* 66| 3.46 -| 200.00* <1, 200.00* 4| 0.00 -| 0.00 -10.00* 4| 2.86 -

APPS h=dual |0.00* 8/ 8.30 -l 200.00* <1| 200.00* <1, 0.00 -1 0.58 -10.00* <1 4.74 -

=DON | 1.08 t.o.| 31.57 t.o.| 200.00* 13| 200.00* 141| 0.00 t.o.| 0.03 t.0.|0.00% 187| 5.01 t.o.

020 to.| 417  to] 200.00* 12| 200.00* 141 0.00 t.o.| 0.00 t..[0.00% 119/ 0.10 t.o.

Bold: lowest average gap for each problem domain and n
*: optimality was proven
Red: the method achieves a better average gap than h=dual-bound using the same solver
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Result (Solve Time Performance, full-result)

Portfolio
n=20 n=>50

0-1 Knapsack

n-50 n=100

Type Name Gap Time| Gap Time |Feas. Gap Time|Feas. Gap Time| Gap Time| Gap Time| Gap Time| Gap Time
CP Optimizer 0.00 25| 275 to.| 201204 to.| 203232 to.] 000 to.|] 0.02 t.o.[0.00* <1| 0.00 t.o.

CP BaB-DQN 3.77 t.o.| 18.46 t.o.| 200.00* 216/ 2040.83 t.o.] 0.00 t.o.] 0.00 t.0.[0.00*% 1270/10.18 t.o.
RBS-PPO 0.12 to.| 1.17 to.] 20 065 t.o.| 203382 t.o.| 000 t.o.| 000 t.o.l0.00% 487 0.50 t.o.

MIP Gurobi 0.00* 3| 0.03 t.o.] 200.00* <1| 200.00* 119/0.00* <1/0.00* <1 - - - -
DQN 2.29 1251((20.14) (18239)| 16 35.12 1405 0 - -1 0.02 44| 0.04 121| 3.63 36| 8.09 132
Heuristice PPO 0.26 249| 3.85 1783| 202564 423| 20 46.93 2050{ 0.04 51| 0.13 132 335 38| 0.75 111
Dual-bounds 291 4 958 1424 0 - - 0 - -1 0.07 8| 0.37 44| 4.19 1/18.46 4

Greedy 530 11| 8.48 176 0 - - 0 - -1 0.03 3| 0.01 8| 5.22 2| 6.84 7
h=greedy| 0.00 292| 2.79 -| 200.00* <1| 200.00* 22| 0.00 -1 0.00 -10.00* 15| 1.48 -

CABS h=dual [0.00* 19| 1.86 -|  200.00* <1| 200.00* <1| 0.00 -1 0.09 -10.00* 2| 0.81 -

h=DQN | 0.00 154| 12.05 t.o.| 200.00* 44| 200.00* 765/ 0.00 t.o.| 0.05 t.0.[0.00% 780 0.77 t.o.

7=PPO | 0.00 32| 3.89 t.o.| 200.00* 40| 200.00* 860| 0.00 t.o.] 0.00 t.0.|0.00*% 477| 0.19 t.o.

h=greedy|0.00* 62| 2.45 -l 200.00* <1| 200.00* 2| 0.00 -1 0.00 -10.00%* 4| 1.17 -

DIDP ACPS h=dual |0.00* 8/ 6.35 -l 200.00* <1| 200.00* <1| 0.00 -1 0.21 -10.00* <1| 2.14 -
h=DQN | 0.00 371| 10.09 t.o.] 200.00* 11| 200.00* 99| 0.00 t.o.] 0.03 t.0.[0.00* 180/ 0.50 t.o.

7=PPO | 0.00 345 2.45 t.o.] 200.00* 11| 200.00* 123| 0.00 t.o.] 0.00 t.0.[0.00*% 119| 0.14 t.o.

h=greedy|0.00* 66| 3.46 -l 200.00* <1| 200.00* 4| 0.00 -1 0.00 -10.00* 4| 2.86 -

APPS h=dual |0.00* 8| 8.30 -l 200.00* <1| 200.00% <1| 0.00 -| 0.58 -10.00* <1| 4.74 -

h=DQN | 1.08 t.o.| 31.57 t.o.] 200.00* 13| 200.00* 141| 0.00 t.o.| 0.03 t.0.[0.00% 187 5.01 t.o.

7=PPO | 0.20 t.o.| 4.17 t.o.| 200.00* 12| 200.00* 141| 0.00 t.o.| 0.00 t.0.[0.00* 119| 0.10 t.o.
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Future Idea

Future Idea: General Mapping from DIDP to RL

* DyPDL model has a natural graph representation

* Given DyPDL model may be represented as a heterogeneous hypergraph

TSPTW
DyPDL model Hypergraph Fy
(v,so K,T,B,C) bool(k € U?) | set = “isin”
args bool(k = i?) | element — “is equal to”
n: number of customers aj largs| = 1, int - node feature
% ¢;; (int): travel time from i to j |V| =n by largs| = 1, int - node feature

a; (int): earliest arrival time of j

b; (int): latest arrival time of j customer

I U (set): unvisited customer set ) largs| = 2, int - hyperedge feature

A | (element): current location

t (int): current time

(U,i,ty =({1,2,3},0,0)

int — global feature
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N
Mapping from a DP Model to an RL Model

DIDP mOdel (V, SO T: B! C)

State:s Transitionit = 1effrl|costr,pret,forcedr) Base case:(C’B,lcostE) Target state:|s
RL model
State s Action a Transition T(s, a) Reward R(s, a) ]
Let T(s, a) = eff,[vq, ..., v, ](s) | | R(s,a) = B - cost,(s)
DIDP state e : if3B B Co:
- RL state a<rTt The transitionis notapplicable| || €L stskF Cp:
if s = pre, R(s,”) =p - o2 costp(s)
Terminal state: s is a terminal state iff 3B € B s.t. s & Cz or #a s.t. s E|pre;
Initial state:|s,




DQN

Scaled total reward

PPO

Scaled total reward

Learning Curve

TSPTW (n=50)

TSP (n=50)

300 4
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Knapsack
(n=100; corr=strongly)

320000+ e
300000 -
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240000
220000 A DaN
—-= AVG-RANDOM
—-= BEST-RATIO
1] 50000 100000 150000 200000 250000
[teration
320000 A
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Portfolio (n=50)
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N
TSP (DP model)

compute V(N \ {0},0)

(e if U =)
Vi(U,i) = {minjeU cij +V(UNA{j},J) it U #0

J . in out
V(U,i) > max {ZjeUu{O} C; ijeUu{f} 5 }

Constants

State variables:  N:setofcustomers{0..n— 1}

* U:unvisited customer set * ¢;;: distance from customer i to j

* 1:current location . oin
J
)

* ¢/"*: minimum travel time from j

: minimum travel time to j



R
TSPTW (DP model)

compute V(N \ {0},0,0)

i Ci0 if U =10
T i, t) =< . N .
VUi 1) {mlnjeUf ci;i +V(U\A{j},j, max(t + ¢;j,a;)) if U #
V(U,i,t) = o0 it dj e Ut +¢;; > b;
V(U,i.t) <V(U,it) ift <t
J,i,t) > ma " out
V(U,i,t) > max {ZjeUu{O} i ZjEUu{i} ¢ }
Constants
State variables: e N:setof customers{0..n — 1}
e [U:unvisited customer set * ¢;j:distance from customerito j
* {:current location * [aj, bj]: time window of j
e t:currenttime * ¢, ¢/*" : minimum travel time to/from j

* ¢;j;: shortest path from customer i to j



R
0-1 Knapsack (DP model)

compute V(0,0)

[ max{p; + V(& 4 w;,i + 1), V(z,i+ 1)}
Vi i) = < fi<nANxr+w, <B
) Vir,i+1) fi<nANr+w; >B
L0 otherwise.
(n—l )
. L | Pj
V(x.i) < min { ;. Mmax — |- (B—x);
( ’ ) Zp‘]’je{’i..n—l} (U);) ( )
I /
| Constants
State variables: e B:budget

* X:currentweight

, , , * w;: weight of item i
e [:currentitem index

e p;:profit of item i



R
Portfolio (DP model)

compute V(0,0,0)

(max(v(Y U{i}) —v(Y)+ V(e +w;,i+ 1, Y U{i}),
. B Viz,i+1,Y)) ifi<nAxr+w; <B
Vi, i, Y) = Vir,i+1,Y) ifi<nANr+w;, >B
0 otherwise.

\

| n—1 n—1 | )\1le + )\3 ‘3/?;3
V(z,i,Y) <min | \ E [+ As } E 73, max (B — )
—t \ —t je{i.n—1} W
j=i j=i

Constants
State variables: . B:budget
* X:currentweight
 [:currentitem index
e Y:setofinvestmentsuptoi

* w;: weight of item i
* U;, 0;,Y; Ki: mean, SD, skewness, kurtosis of item i
* A4, 45, A3, A4 weights for financial characteristic



R
Cappart et al. [AAAI 2021]

Each variable corresponds to
each state in DP

Constraints The constraints of our encoding have two x{ =€ / (4)
purposes. Firstly, they must ensure the consistency of the , _ < s a

DP formulation. It is done (1) by setting the initial state to Vi€ {1: ce :"”»} s X1 = T(Xi s X ) (3)
a value (e.g., €), (2) by linking the state of each stage to Vie {l,...,n}:validityCoffdition(x;.x¥) (6)
the previous one through the transition function (7'), and . _ . . o s oa
finally (3) by enforcing each transition to be valid, in the Vi€ {l,...,n}: dominanceCopdition(x;,xj) (7)

sense that they can only generate a feasible state of the sys- Setting the initial state is done in §q. (4), enforcing the
tem. Secondly, other constraints are added in order to re- .. \qition function in Eq. (5), keepindonly the valid transi-

move dominated actions and the subsequent states. In the - . . . :
CP terminology, such constraints are called redundant con- tions m Eq. (6), and pruning the domirfated states in Eq. (7)

straint, they do not change the semantic of the model, but
speed-up the search. The constraints inferred by our en-
coding are as follows, where validityCondition and
dominanceCondition are both Boolean functions de-
tecting non-valid transitions and dominated actions, respec-
tively.

Variable representing the action
taken at stage i



Updated Results



Batched State Evaluation

* RL prediction is costly due to the large number of neural network
parameters and communication overheads between Python and Rust

* The prediction is called every time a new node is expanded
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Batched State Evaluation

Batched State Evaluation

* To improve the solve-time efficiency, a batch of states are evaluated
in a single call, utilizing the GPU’s parallel computation ability

CABS

‘ ‘ batch size =3

@
(U
O

OOOC
OOC

)
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Batched State Evaluation

* To improve the solve-time efficiency, a batch of states are evaluated
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Batched State Evaluation

Batched State Evaluation

* To improve the solve-time efficiency, a batch of states are evaluated
in a single call, utilizing the GPU’s parallel computation ability
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Sent to Python

batch size = 3
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Results (CABS with the model dual bound

DQN

PPO

Average MRE [%]

Average MRE [%]
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TSP n=50 (DQN,dual_bound=model)
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Results (CABS with zero dual bound
TSP TSPTW Portfolio
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FutureWork
Discussion

* Batch evaluation significantly improves the solve-time
efficiency across different domains

* PPO guidance outperformed other heuristics even without using
dual-bounds in TSP and Portfolio

* Dual-bounds may not provide strong guidance in directing search
towards better solutions

30



FutwreWork .
Next Steps

* RL guidance is most impactful when heuristic quality plays a critical
role in determining solution quality

* To test our hypothesis, pick two additional domains, one with a strong
dual bound and one with a weak dual bound

« Compare the advantage of RL guidance across these contrasting scenarios

* Evaluate RL guidance on TSPTW instances with varying time-window
ranges
* Time-window range controls the number of states pruned

* Examine how the impact of strong guidance varies with the importance of
heuristic quality in achieving good solutions

31
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