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Abstract

Selecting the best algorithm for each optimiza-
tion instance is difficult because algorithm per-
formance can vary substantially across instance
structures and parameter settings. Existing
learned selectors often encode historical ex-
perience in fixed model parameters, making
new performance records costly to incorporate.
We introduce a memory augmented agent for
instance wise algorithm selection based on re-
trieval augmented generation. Given a new in-
stance, the agent retrieves structurally similar
historical cases, each containing the complete
performance profile of all candidate options
rather than only the winning label. It then rea-
sons over the retrieved objective gaps and rank-
ings before invoking an algorithm and config-
uration. New verified records can be added
directly to the external memory without retrain-
ing the selector. We evaluate the proposed ap-
proach on 10,898 geographically grounded hub
location instances, using 8,718 instances for
retrieval and 2,180 for testing across five al-
gorithm and configuration options. The pro-
posed method achieves 68.35% selection ac-
curacy and a 0.549% objective gap relative to
the virtual best solver, outperforming the single
best solver and retrieval only label voting base-
lines. These results demonstrate the value of
combining retrieval with reasoning over com-
plete solver performance records.

1 Introduction

Optimization problems arise whenever a decision
must satisfy a set of constraints while optimizing
an objective. A single problem class may contain
instances with very different sizes, structures, and
cost patterns. These differences matter in large
integer and combinatorial optimization, where an
exact solver can be highly effective on one instance
but computationally prohibitive on another, while
faster heuristics often trade solution quality for scal-
ability. As a result, no candidate algorithm is ex-

pected to dominate uniformly, and the choice of
algorithm becomes part of the solution process.

We study instance wise algorithm selection for
parameterized optimization problems. Given a
new instance and a fixed collection of candidate
algorithms, the goal is to select the algorithm ex-
pected to achieve the best empirical performance,
together with its configuration when needed. Clas-
sical selection methods learn this decision from
pairs of instance features and observed solver per-
formance (Rice, 1976; Kerschke et al., 2019). Al-
though effective, a fitted selector usually represents
historical experience through fixed model param-
eters. Incorporating new benchmark records may
therefore require another training cycle, and a pre-
dicted label need not reveal which prior cases sup-
port the decision.

Retrieval augmented generation (RAG) offers a
different way to use historical experience (Lewis
et al., 2020). Instead of encoding all evidence in
model parameters, a system can retrieve relevant
records when a decision is made and place them
in the context of a large language model (LLM).
This is particularly natural for algorithm selection
because historical benchmarks contain direct evi-
dence about how candidate algorithms behave on
different instances. Yet most LLM research in op-
timization focuses on translating natural language
into formal models or solver calls, while existing
LLM approaches to algorithm selection emphasize
learned representations of algorithm code. Nei-
ther line directly treats the complete performance
records of similar solved instances as decision evi-
dence.

We propose a memory augmented agent built on
retrieval augmented generation for instance wise
algorithm selection. The agent stores historical op-
timization instances together with the observed per-
formance of every candidate algorithm. For a new
instance, it retrieves structurally similar records
and constructs a prompt that combines the target
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instance, candidate descriptions, retrieved perfor-
mance profiles, and user instructions. The LLM
compares the candidates using this evidence and
returns an algorithm, its configuration when appli-
cable. The selected algorithm is then run without
any modification to the underlying solver. This
design separates selection from solution: existing
algorithms retain their original implementations,
while the external memory can grow as new veri-
fied benchmark records become available.

1.1 Main Contributions

Retrieval Augmented Algorithm Selection.
Building on the classical algorithm selection set-
ting, we condition each selection on a natural lan-
guage instruction in addition to the target instance,
candidate algorithms, and historical observations.
The framework returns an algorithm and its config-
uration when applicable, while leaving the underly-
ing algorithms unchanged.

Retrieval without Retraining. New observa-
tions can be added to the external memory and
used immediately without retraining the selector.
For each retrieved instance, we provide the full
performance vector over all candidate algorithms,
rather than only its winning label. The model can
therefore compare performance gaps and rankings
across several retrieved instances instead of follow-
ing the label returned by a one nearest neighbor
rule.

Numerical Evaluation. We construct a dataset
containing 10,898 hub location instances from Chi-
nese city locations. A random 80/20 split produces
8,718 historical records for retrieval and 2,180
held out instances for evaluation. The proposed
method achieves 68.35% selection accuracy, com-
pared with 52.80% for the single best solver and
61.74% for the strongest retrieval only baseline,
kNN top 7. Its average objective gap relative to
the virtual best solver is 0.549%, compared with
1.298% for kNN top 7.

1.2 Related Work

Algorithm selection and configuration. The
classical algorithm selection problem chooses an
algorithm for each instance to optimize a target
measure (Rice, 1976). Modern work studies selec-
tion together with configuration and resource allo-
cation (Kerschke et al., 2019). SATzilla predicts
solver performance from instance features (Xu
et al., 2008, 2012); ParamILS and ISAC optimize

algorithm parameters (Hutter et al., 2009; Kadioglu
et al., 2010); and Hydra and AutoFolio configure
selection systems (Xu et al., 2010; Lindauer et al.,
2015). Other methods allocate computation time
among several algorithms (Kadioglu et al., 2011;
Amadini et al., 2014), or learn instance representa-
tions in place of manually designed features (Loreg-
gia et al., 2016). ASIib provides standard bench-
marks and motivates comparisons with the single
best solver and virtual best solver (Bischl et al.,
2016). These approaches establish the value of
matching algorithms to instances, but most encode
the selection rule in a trained predictor or a con-
figured allocation policy. Our framework instead
retrieves solver performance records when each se-
lection is made, so new records can be used without
fitting the selector again.

Retrieval augmented selection. Case based rea-
soning (CBR) reuses previously solved instances
in optimization. Kraay and Harker (1996) apply
CBR to repetitive combinatorial optimization, and
later work uses related ideas for constraint solving
and satisfiability (O’Mahony et al., 2008; Hurley
and O’Sullivan, 2012). RAG supplies an LLM
with information retrieved from an external mem-
ory (Lewis et al., 2020), and CBR has recently
been used as a structured retrieval mechanism for
LLM agents (Wiratunga et al., 2024). In a sim-
ple retrieval rule, a recommendation may follow
the decision attached to the nearest stored case.
Our framework instead retrieves several similar
instances, and each record contains the observed
performance of every candidate rather than only a
past solution or winning label. The retrieved cases
therefore reveal performance gaps, rankings, and
agreement across neighbors. This evidence sup-
ports a direct comparison of the candidates before
an algorithm and configuration are selected.

Language models for optimization. Chain of
Experts, OptiMUS, and ORLM use language mod-
els to generate formal optimization models or
solver instructions from text (Xiao et al., 2024,
AhmadiTeshnizi et al., 2024; Huang et al., 2024).
Related work considers natural language assistance
and interactive preference elicitation for decision
optimization (Wasserkrug et al., 2024; Lawless
et al., 2024b). The closest selection work de-
rives algorithm representations from source code
and aligns them with problem representations (Wu
et al., 2024). Its main objective is to improve how
algorithms are represented, rather than to retrieve
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historical solver performance for the target instance.
Other studies use LLMs to configure cutting plane
separators under limited data or learn representa-
tions of mixed integer linear programs for down-
stream prediction (Lawless et al., 2024a; Li et al.,
2024). In contrast, we assume that the optimiza-
tion model and candidate algorithms already exist.
We leave them unchanged and use retrieved empir-
ical performance, together with the user prompt, as
evidence for choosing an algorithm and its configu-
ration.

2  Framework Formulation

For any given optimization problem class with a
collection of candidate algorithms, the proposed
framework can be instantiated as an instance-wise
algorithm selector. Let C denote an optimization
problem class, and let ©¢ be the instance space
associated with C. For each instance 8 € O, we
consider an optimization problem of the form

,in Je(x;0), (D
where fe(x;0) is the objective function defined
by problem class C and instance 6, and A¢(0) is
the corresponding feasible region for the decision
variable x.

For problem class C, suppose that we are given
a collection of practical solution methods,

AC = {AF A5, AR D.
These methods may include exact algorithms, ap-
proximation algorithms, heuristics, local search
procedures, decomposition-based methods, or
domain-specific solvers. Given an instance 6, each
method Ag can be applied to produce a feasible or
candidate solution for (1).

In addition to the candidate algorithms, we as-
sume access to a collection of historical optimiza-
tion records for problem class C,

H
HC = {(917}’1)}‘1:%‘ ’
where 0; € ©¢ denotes a previously encountered
problem instance and

Yi= (yﬂ?ayzK)

is its complete performance vector, where y;;, =
fc(AS(6;); 6;) records the objective value achieved
by candidate k. The corresponding oracle index is
0; = argmingc(x) Yik- The precise way in which

these historical records are retrieved and used is
described in the next section.

The goal of the meta-algorithm is to select a suit-
able algorithm for a given instance. Formally, given
anew instance 6 € ©¢, the candidate algorithm set
AC, the historical records #c, and a user prompt
or task-specific instruction p, the meta-algorithm
outputs .

k= mc (0, A%, He,p)

where k € [K] is the selected algorithm index.
Equivalently, the selected algorithm is A= Ag.
The final solution is obtained by running the se-
lected algorithm: & = A%(@).

Therefore, the same framework can be instan-
tiated for different problem classes by specifying
the corresponding instance space O¢, feasible re-
gion X¢(0), objective function f¢(-; 6), candidate
algorithm set A€, and historical records Hc.

3 Memory Augmented Agent for
Algorithm Selection

Instance Representation. For each problem
class, we map a raw optimization instance into
a fixed-length feature vector that captures its scale,
structure, cost patterns, and key factors that may
affect solver performance. We then apply instance-
wise deterministic normalization, avoiding the need
to fit a scaler on the historical instance database.
This makes the representation of each instance in-
dependent of the database used for retrieval.

Offline Memory Construction. We construct
an external solver-performance memory from his-
torical benchmark instances. Each memory en-
try stores the normalized instance representa-
tion together with the observed performance pro-
file of candidate algorithms, including the best-
performing solver, performance gaps, and relative
rankings. This memory provides verified empirical
evidence of past solver behavior and serves as the
basis for retrieval-augmented algorithm selection.

Online Memory-Augmented Retrieval. Given
a new instance, we retrieve similar memory entries
using nearest-neighbor search in the normalized
feature space and assign each entry a similarity
score. The retrieved entries serve as few-shot em-
pirical evidence for the LLM, allowing it to reason
from past solver behavior on structurally similar
instances.
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Few-Shot Prompting. We construct a structured
prompt that combines problem context, candidate
algorithm descriptions, target-instance features,
and retrieved memory entries. Unlike a nearest-
neighbor rule that directly follows the top retrieved
label, each memory entry provides the full rela-
tive performance profile of all candidate algorithms.
This allows the LLM to assess whether the retrieved
entries consistently support one solver or reveal an
ambiguous decision boundary, and then output a
recommendation supported by the retrieved evi-
dence.

Agent Workflow. At decision time, the agent
observes a new instance, retrieves relevant perfor-
mance records, reasons over the retrieved evidence,
and invokes the selected algorithm: The algorithm
returns the solution z. Because each memory en-
try contains the complete performance vector y;, a
new entry is added only after all candidate options
have been benchmarked and their results have been
verified: This asynchronous memory update does
not require retraining the selector.

4 Numerical Experiment

4.1 Facility Location Problem

We illustrate the proposed framework using a hub
location problem as an example. Let C denote
the class of hub location instances. Each instance
0 € O¢ is represented by

0 = (n,p, (dij); jefm)s €1, 2,1, C2,2, V1, 02)

where n is the number of nodes, p is the number
of hubs, d;; is the distance between nodes ¢ and
J, c1 is the hub construction cost, co 1 and c22
are link maintenance costs, and v; and vy are the
communication speeds for hub—hub and hub-non-
hub links, respectively. The notation used in the
general framework and the hub location example
is summarized in Table 2 at the beginning of the
appendix.

Figure 1 illustrates the hub / non-hub structure:
hub nodes are fully connected to each other, each
non-hub node attaches to exactly one hub, and any
communication between two non-hub nodes is for-
warded through their hubs.

Optimization Model. The decision variables
specify hub selection, node-to-hub assignment, and
routing decisions. Let h; indicate whether node ¢
is selected as a hub, ¢;;. indicate whether node 7 is
assigned to hub k, and x;¢; indicate whether the

Figure 1: Hub location network (6 nodes with 2 hubs):
red points are hub nodes and blue points are non-hub
nodes. Any pair of non-hub nodes can only communi-
cate through their hub nodes.

communication between nodes ¢ and j is routed
through hubs % and ¢. For a given instance 6, the
hub location problem is formulated as

1
min 771(”_1) Z Z Tkt

i,jEV kLeV
i#]
y <dik + djg n dkg>
v U1
st Y hy=p, (H1)
kev
S an=1, VieV, (H3)
keV
Tiwe; < (i + qje), Vi#j, kLEV,
(H4)
> wiwgg =1, Vi#j, (HS)
kev
hi, Gik, Tine; € {0,1}. (H6)

Here, the objective minimizes the average commu-
nication time between all node pairs. The feasible
region defined by the above constraints corresponds
to X () in the general framework. Constraint (H1)
selects exactly p hubs. Constraints (H2)—-(H3) re-
quire that each node is assigned to exactly one
selected hub. Constraints (H4)—(HS5) require that
each node pair (4, j) is routed through exactly one
hub pair (k, [) consistent with its assignments. Con-
straint (H6) imposes binary restrictions on all deci-
sion variables.

Reference Formulation and Candidate Options.
The full MILP provides a reference formulation
of the hub location problem but is not included in
the experimental selection pool because its four
index routing variables become computationally
expensive as n grows. Its complete formulation
is given in Appendix A.2. The selector instead
chooses among five algorithm and configuration
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options:

AC = {A(cjluster}

U {Agrop@ ta € St

S ={0.6,0.7,0.8,0.9}.

At the system level, instances with n < 10 are
routed directly to the full MILP and are not in-
cluded in the algorithm selection dataset. Every
instance with 10 < n < 30 is handled by the five
option selector; no size based shortcut is applied
within this range.

Cluster Presolve Method. The cluster option,
Aglust o> first partitions the network into p clusters,
for example using k-means, and then selects one
hub within each cluster by solving a reduced one-
hub subproblem. This method exploits the spatial
structure of the instance and is more scalable than
the full MILP formulation. The clustering and hub

selection models are given in Appendix A.3.

Proportion Decision Method. Each propor-
tion option, Agmp, o> approximates the relative con-
tribution of hub—hub and hub—non-hub links by
a parameter « € [0, 1], and then solves a reduced
formulation without the full four-index routing vari-
ables. This method is computationally efficient, but
its performance depends on the choice of a. Its re-
duced model is given in Appendix A.4. All five
candidate options are evaluated using the common

objective defined in Appendix A.

4.2 Prompt Engineering

Our prompt follows a system-user separation
scheme. The system prompt is composed of five
parts.

1. Role: we specify the agent as an algorithm se-
lector specialized in the facility location prob-
lem.

2. Task: it instructs the agent to recommend the
best option from the candidate pool given the
input problem features and historical cases.

3. Algorithm Pool: it enumerates the candidate
options, each with a description of the in-
stance characteristics under which it tends to
perform well.

4. Reasoning Guideline: it specifies rules for
the thought process, guiding the agent to first
inspect and analyze the input query features,

then compare them against the retrieved simi-
lar cases, and finally make a selection based
on this reasoning.

5. Output Format: it requires the agent to re-
turn one option from the candidate pool in a
predefined format.

On the other hand, the user prompt is constructed
for each input instance. First, it provides the ex-
tracted input feature set, shown in both raw di-
mensional form and normalized form. Second, it
supplies the top-7 retrieved cases obtained through
FAISS similarity search. Each case includes its in-
stance features, similarity score, objective gap for
every candidate option, complete ranking, and em-
pirically best option. Finally, the agent reasons over
the input features and the retrieved performance
profiles jointly, and then outputs a recommended
option.

4.3 Results
4.3.1 Data Generation

The underlying data consist of a city file containing
coordinates and integer city indices and a precom-
puted haversine distance matrix indexed by the
same identifiers. Sampling is restricted to eleven
province level regions: Jiangsu, Fujian, Guang-
dong, Hubei, Zhejiang, Jiangxi, Hunan, Yunnan,
Guangxi, Shanghai, and Anhui.

For each n € {10,...,30}, the generator first
randomly selects a region containing at least n
cities and then samples n cities without replace-
ment from that region. Consequently, every in-
stance represents a within region distribution net-
work. Duplicate city combinations are removed
during generation. The remaining parameters sat-
isfy

p € {2,3,4,5},
vy € {1.5,2.0,2.5,3.0,4.0},
Vg = 1.0.

Using random seed 42, this procedure produces
10,898 instances. We apply a random 80/20 split
with random_state=42, yielding 8,718 historical
records in H¢ and a held out test set of N = 2,180.
Only the historical split is included in the FAISS
retrieval index; the split is by instance rather than
by held out region.

For every instance, we run all five algorithm
and configuration options to obtain the complete
performance vector y;. Its oracle label is 0; =
arg mingc ) Yik, and the relative objective gaps
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and ranking are derived from the same vector. The
MILP subproblems are implemented in PuLLP and
solved with CBC. The held out performance vec-
tors are used only to determine oracle labels and
evaluation metrics and are never included in the
retrieval memory.

4.3.2 Numerical Setup

Setup. We instantiate the framework of Section 2
as follows: each instance is encoded by a 32-
dimensional feature vector normalized instance-
wise with fixed clip/tanh bounds (no database
statistics); retrieval uses a FAISS flat L2 index
returning the top-7 neighbors, each with its full
performance profile over all options; and the
LLM backbone is DeepSeek-Chat at tempera-
ture 0.2, prompted as in Section 4.2. The selec-
tion target is one of five (algorithm, configura-
tion) options: CLUSTER_PRESOLVE and PROPOR-
TION_SOLVE(«) for a € {0.6,0.7,0.8,0.9}. The
option with the smallest objective on an instance is
its oracle label (Section 4.3.1).

Baselines. On the same held out test set
(N=2,180) we compare RAG against two fami-
lies of baselines:

e Single Option: ALWAYS-CLUSTER and
ALWAYS-PROP.(a), plus a RANDOM lower
bound.

* Retrieval Only: KNN TOP-1 and KNN TOP-
7 apply majority voting to the oracle labels of
the same retrieved neighbors. Unlike RAG,
these baselines do not use the complete per-
formance profiles. A top-30 sensitivity result
is reported in Table 3 in the appendix.

Metrics.
the test set:

We report two metrics, averaged over

e Accuracy (%): fraction of instances whose
selected option matches the oracle label.

* Objective Gap (%): relative gap of the se-
lected option to the best objective,

f20) = min fe(AL(0):0),

fe(A(0):9) - £(0) .,

gap(f) = 100 20 0.

4.3.3 Main Results

Table 1 reports the overall accuracy and objective
gap on the held out test set, and Figure 2 shows

accuracy stratified by instance size. The proposed
RAG agent performs best on both metrics: it attains
the highest selection accuracy (68.35%) and the
smallest objective gap (40.549%), improving over
the best single-option policy (ALWAYS-CLUSTER,
52.80%) by more than 15 accuracy points. RAG
also outperforms the retrieval-only baselines built
on the same neighbors (61.74% for KNN TOP-7
and 59.91% for KNN TOP- 1), raising accuracy by
about 6.6 points and more than halving the objec-
tive gap relative to KNN TOP-7. This compari-
son measures the combined benefit of exposing the
complete performance profiles and using the LLM
to synthesize them, rather than the effect of the
LLM alone. Figure 2 shows that RAG leads at 16
of the 21 tested instance sizes; it is not the best at
four sizes and ties at n = 30.

100 T T T
=—@== RAG (ours)
—aA— kNN top-7
80  —4— kNN top-1 —
—m— Always-Cluster

- ©- Always-Prop. («=0.9)

60

40

Selection accuracy (%)

0
10 12 14 16 18 20 22 24 26 28 30

Instance size n

Figure 2: Accuracy vs Instance Size n

Table 1: Overall accuracy and objective value gap on
the held out test set (N=2,180).

Method Accuracy (%) Obj. Gap (%)
Always-Cluster 52.80 +1.792
Always-Prop. («=0.6) 3.49 +51.352
Always-Prop. (a=0.7) 6.88 +38.837
Always-Prop. («=0.8) 7.84 +22.787
Always-Prop. («=0.9) 28.99 +7.588
Random 20.55 +24.707
kNN top-1 (majority vote) 59.91 +2.265
kNN top-7 (majority vote) 61.74 +1.298
RAG 68.35 +0.549
Limitations

We evaluate on a single problem class with a portfo-
lio of five closely related options, and our random
80/20 split shares regions between memory and
test set, which favors nearest-neighbour retrieval;
a held-out-region split is left to future work. Our
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baselines also do not isolate the source of the gain,
since we compare against neither a non-LLM ag-
gregator over the same retrieved profiles nor a con-
ventional supervised selector on the same features.
We further report point estimates from one split
under stochastic decoding, and do not measure the
latency or cost of the selection step.
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A Detailed Formulations of the Reference
and Candidate Methods

This appendix specifies the full MILP reference
formulation and the two types of methods used to
construct the five candidate options. Let V' = [n]
be the node set, let d;; be the distance between
nodes 7 and j, and let p be the required number of
hubs. To avoid confusion between the scalar p and
a binary decision variable, we write

1
hi = { ’
0,
. — 1’
qik = 0,

The same variables are used in the main text. Every
method returns a hub set and an assignment map
a:V — V, where a(i) is the hub assigned to node
i.

if 7 is a selected hub,

otherwise,
and

if ¢ is assigned to hub k,

otherwise.

A.1 Common Evaluation Objective

All returned solutions are evaluated by the average
communication time

T(a) =

1
n(n —1) ; Vo
2
This is the objective used to determine the best can-
didate option and to compute the objective gap in
the experiments. Because p is fixed for an instance,
the network cost

C(p) = pc1 + p(pz—l)

is identical across the methods and does not affect
their ranking.

21+ (n—p)czz (3)

A.2 Full MILP Reference Formulation

The direct method introduces a binary routing vari-
able

zikey = Hali) =k, a(j) = £}

for every ordered pair ¢ # j and every pair of
candidate hubs &, £ € V. It solves

. 1 di | die | dje
min ———— Tikej | — +— + ——
haz n(n—1) ; k%e:\/ Kt ( V2 U1 V9

4)
S.t. Z hy = D, )

keV

<dm<i> N da(i),a(y) N dj a(j)
V2 (%}

d aw=1, VieV, 7
keV
wik@jﬁ@7 VZ7AJ7 k‘age‘/v
(®)
> wiwg =1, Vi#j, ©)
kteV
hk’vqik‘a xikﬁj € {07 1} (10)

Constraints (5)—(7) select exactly p hubs and assign
every node to one selected hub. Constraints (8)—(9)
activate exactly the routing variable associated with
the two selected assignments. The model contains
O(n*) routing variables and constraints.

A.3 Cluster Presolve Method

Let s; € R? denote the geographic coordinates of
node 7. The first stage partitions the nodes into p
sets G'1, ..., G)p using K means. The associated
clustering objective is

p
min > wiellsi — g3

(1)
ey =1
P
) st Y up=1, Vi€V, (12)
. r=1
Uiy € {07 1}7 Vi € V', (S [p] (13)

Here, u;» = 1 means that node 7 belongs to cluster
Gy, and pu, is its centroid. After the partition is
obtained, the method chooses one hub inside each
cluster. For cluster GG, define a binary variable
wy, for each k € G,.. The one hub problem is

min ) (Z dik> Wk (14)

keG, \ieG,
st Y wee =1, (15)

keG,
wrr €{0,1}, Vk € G,. (16)
The selected hub is therefore the medoid
kX = i L.
;=argmin 37 du (17)
1€Gy

Every node ¢ € G, is assigned to k. This objective
is equivalent, up to the constant factor 2(|G,.| — 1),
to summing the access distance over all ordered
pairs within the cluster. Intercluster communica-
tion is not optimized when the medoids are selected,
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Table 2: Notation used in the general framework and hub location example.

Symbol  Definition Symbol Definition
C problem class Oc¢ instance space for class C
0 problem instance Xc(0) feasible region of instance 0
fe(+;0)  objective function for instance 1) user prompt or task-specific instruction
A€ set of K candidate algorithms or configured op- A$ candidate option indexed by k € [K]
tions
He historical instance and performance records e meta-algorithm for class C
yi complete performance vector for instance ¢ 0i oracle candidate index for instance %
fc, A selected index and algorithm T solution returned by the selected algorithm
K number of candidate options N number of held out test instances
V =[n] node set D required number of hubs
dij distance between nodes ¢ and j c1,¢2,1,C2,2 hub and link cost parameters
V1, U2 hub-hub and hub-non-hub communication speeds h; indicator that node ¢ is selected as a hub
qik indicator that node ¢ is assigned to hub & Tikej indicator that pair (¢, 7) is routed through hubs
(k,€)
a(7) hub assigned to node 4 T(a) common evaluation objective
Si coordinates of node % Gy, tir cluster r and its centroid
Wiy indicator that node ¢ belongs to cluster r Wrk indicator that node k is selected in cluster r
kX selected medoid of cluster r «@ weight in the proportion decision surrogate
Zij indicator that both nodes 4 and j are hubs C(p) network cost for a fixed value of p

but it is included when the final solution is eval-
uated using (2). After clustering, hub selection
requires only the within cluster distance sums and
has total size O(n?).

A.4 Proportion Decision Method

The proportion method replaces the four index rout-
ing variables with a surrogate objective containing
two distance components. The first component
measures access from each node to its assigned
hub. The second measures the distances between
selected hubs. Let

zij = hihj,

where z;; = 1 if both 7 and j are selected as hubs.
For a fixed v € [0, 1], the implemented model is

min o dir Qi + (1 — a) Z dijzij (18)
haz v ijev
s.t. Z hi = p, (19)
kev
qir. < hg, Vi,k eV, (20)
> an=1 VieV, 1)
kev
zij = hi+h;j—1, Vi,jeV, 22)
h; + h; .
Zij S %7 VZ,j € Vv (23)
hi, qix, zi5 € {0,1}. (24)

Constraints (22)—(23) are the binary linearization
of z;;j = hjhj. The first sum in (18) is the total

spoke distance, while the second is the total dis-
tance over ordered pairs of selected hubs. Thus,
is a weight that controls the relative importance of
the two surrogate components. It is not optimized
inside the model; each tested value of « defines a
separate algorithm and configuration option. The
model has O(n?) variables and constraints. After
it is solved, its assignments are evaluated using the
original communication time in (2), rather than the
surrogate objective in (18).

B Facility Location Test Result by Sample
Size
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Table 3: Algorithm selection accuracy (%) by instance size n on the held out test set (/N=2,180).

Panel A: n = 10 to 20

Method 10 11 12 13 14 15 16 17 18 19 20
Always-Cluster 25.0 34.6 385 419 39.7 482 524 444 56.0 53.9 50.0
Always-Prop. («=0.6) 52 19 44 19 24 35 38 56 66 44 58
Always-Prop. («=0.7) 13.5 103 12.1 143 87 105 6.7 65 22 33 29
Always-Prop. («=0.8) 17.7 10.3 154 124 11.1 7.0 95 93 7.7 7.7 125
Always-Prop. («=0.9) 38.5 43.0 29.7 29.5 38.1 30.7 27.6 34.3 27.5 30.8 28.9
Random 18.8 20.6 14.3 26.7 18.2 20.2 13.3 18.5 23.1 24.2 31.7
kNN top-1 24.0 32.7 39.6 429 50.0 35.1 61.0 50.0 57.1 68.1 52.9
kNN top-7 31.2 43.0 484 40.0 47.6 509 64.8 574 604 72.5 53.9
kNN top-30 33.3 439 374 457 444 51.8 59.0 519 67.0 64.8 52.9
RAG 37.5 449 527 552 619 49.1 70.5 61.1 68.1 70.3 59.6
Panel B: n = 21 to 30
Method 21 22 23 24 25 26 27 28 29 30
Always-Cluster 58.7 59.6 67.0 69.1 68.1 60.9 594 58.4 68.8 569
Always-Prop. (a«=0.6) 3.7 2.0 22 27 00 45 41 40 1.0 3.7
Always-Prop. («=0.7) 3.7 4.0 7.7 09 43 45 57 59 94 173
Always-Prop. («=0.8) 46 7.1 22 36 96 36 32 40 83 00
Always-Prop. («=0.9) 29.4 27.3 20.9 23.6 18.1 26.4 27.6 27.7 12.5 32.1
Random 19.3 20.2 209 254 21.3 18.2 219 20.8 17.7 16.5
kNN top-1 56.0 66.7 64.8 71.8 649 764 81.3 74.3 88.5 98.2
kNN top-7 56.0 63.6 69.2 74.5 67.0 69.1 74.8 752 79.2 98.2
kNN top-30 61.5 59.6 68.1 74.5 68.1 73.6 73.2 72.3 76.0 98.2
RAG 66.1 70.7 72.5 80.9 74.5 83.6 86.2 82.2 86.5 98.2
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