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Abstract

LLM-based automated heuristic design (AHD)
discovers heuristics for combinatorial optimiza-
tion problems (COPs), where an LLM gener-
ates candidates in an evolutionary search. Ex-
isting frameworks freeze the generator or fine-
tune it on a scalar fitness signal hiding which in-
stances each heuristic covers. Reflection-based
frameworks improve heuristics with natural-
language feedback, but it stays in the prompt
and never reaches the generator’s weights. We
propose EPOCH, which makes instance cover-
age the objective of the evolutionary search and
fine-tunes the generator to internalize reflec-
tion. Parent selection, operator allocation, and
stagnation recovery all optimize how well the
heuristics jointly cover the training instances,
so the search returns a complementary heuris-
tic ensemble. The generator learns from its
own search by experiential preference opti-
mization. A teacher LLM returns a natural-
language insight on the generated heuristics,
and the generator produces new heuristics with
this insight. These improvements join the pref-
erence pairs for direct preference optimiza-
tion (DPO). Since DPO only teaches the gen-
erator to rank these improvements, a reflec-
tive self-distillation (RSD) term makes it more
likely to generate them on its own, and the
gains accumulate over the long horizon of the
search. Across COPs and open-source LLM
backbones, EPOCH’s heuristic ensembles out-
perform inference-only and fine-tuned base-
lines and generalize across problem scales.

1 Introduction

Many operational decisions, from vehicle routing
to scheduling, are COPs (Tam et al., 2024). Be-
cause these problems are typically NP-hard, practi-
tioners rely on heuristics that trade optimality for
speed (Kirkpatrick et al., 1983; Glover, 1990). De-
signing a strong heuristic by hand demands exper-
tise, and a design for one problem rarely carries
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over to its variants (Choong et al., 2018; Pillay and
Qu, 2018). AHD makes the heuristic itself the ob-
ject of search (Burke et al., 2013), classically with
genetic programming, which cannot express heuris-
tics beyond its human-defined function set (Lang-
don and Poli, 2013; Duflo et al., 2019).

LLM-based AHD replaces that function set with
a large language model (LLM) that generates
heuristics in the evolutionary loop (Liu et al., 2023),
demonstrated by FunSearch (Romera-Paredes et al.,
2023) and EoH (Liu et al., 2024). ReEvo (Ye
et al., 2024) adds reflection (Shinn et al., 2023),
HSEvo (Dat et al., 2025) maintains population di-
versity, MCTS-AHD (Zheng et al., 2025) organizes
heuristics in a Monte Carlo tree, and EoH-S (Liu
et al., 2026) evolves a complementary set of heuris-
tics. All keep the generator frozen. CALM (Huang
et al., 2026) and EvoTune (§urina et al., 2025) in-
stead fine-tune the generator on the heuristics it
generates, using group-relative policy optimization
(GRPO) (Shao et al., 2024) with a manually de-
signed, graded scalar reward and DPO (Rafailov
et al., 2023) with fitness-ranked pairs, respectively.
In both, a heuristic is reduced to a single number,
so the update drives the generator toward one best-
on-average heuristic, with no reflection on the gen-
erated heuristics. Appendix A gives an extended
review of related work.

Despite this progress, two limitations remain.
First, no heuristic is best on every instance of
a distribution (Liu et al., 2026), and a scalar fit-
ness hides which instances each heuristic wins,
so the coverage of the training instances cannot
guide the evolutionary search beyond survivor se-
lection. Second, the natural-language feedback of
the inference-only methods stays inside the prompt
and never reaches the generator’s weights, and the
fine-tuned methods employ no reflection. We there-
fore propose Experiential Preference Optimization
for Coverage-aware Heuristic Design (EPOCH),
a framework that fine-tunes the generator during
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Figure 1: Overview of EPOCH, illustrating one training iteration. (1) Heuristics are represented by per-instance
gap vectors, whose minima define expert heuristics and the coverage gap p(P). (2) These drive parent selection,
operator allocation, and coverage-aware population management. (3) The policy 7y samples rollouts from the
operator prompt q, the teacher 71 returns an insight z on the best and worst valid ones, and 7wy regenerates from
q @ z. (4) Responses form within-batch and cross-round preference pairs; periodic DPO bursts add an RSD term
internalizing the hint-guided improvement into the unhinted policy.

a coverage-aware evolutionary search and turns
teacher-guided reflection into a training signal.
Our main contributions are as follows. (1) We
develop a coverage-aware LLM-based AHD frame-
work that fine-tunes the generator and threads each
heuristic’s per-instance optimality gaps through
parent selection, operator allocation, stagnation re-
covery, and the selection of the deployed heuristic
ensemble, so the search optimizes instance cov-
erage rather than average fitness. (2) We con-
vert teacher-guided reflection into a training signal,
where a teacher LLLM serves only as a critic, the
improvements it guides form preference pairs, and
a reflective self-distillation term internalizes them
so the gains accumulate over the search. (3) We
design an adaptive operator bandit that favors the
evolutionary operators improving instance cover-
age, and a coverage-based stagnation recovery with
a persistent archive to preserve the best heuristics
found on each instance. (4) Experiments across
COPs and LLM backbones show that the heuris-
tic ensembles discovered by EPOCH outperform
inference-only and fine-tuned LL.M-based AHD
baselines and generalize across problem scales.

2 Preliminaries

Automated Heuristic Design Setup. We con-
sider a COP with an instance space X’ and a so-
lution space S. Each heuristic h € H is an exe-
cutable program that constructs a feasible solution,
h: X — 8, and a cost function f : S — R

scores it. Performance is assessed on a training
set Diyain = {z1,...,2m,}. Conventional AHD
summarizes a heuristic by the scalar fitness

6]
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and, under an evaluation budget, returns the single
best-on-average heuristic h* = arg max; <4 P(h).
EPOCH instead searches for a set of complemen-
tary heuristics covering Dy;,in and retains each
heuristic’s full per-instance performance profile
(Section 3.1) rather than the scalar of Eq. (1).

Direct Preference Optimization. EPOCH up-
dates the generator with DPO (Rafailov et al.,
2023), which trains a policy my on triplets of a
prompt ¢, a preferred response y*, and a dispre-
ferred response y—, relative to a reference pol-
icy mer. With the policy-side implicit reward
7o(y) = Blog(me(y | q)/mret(y | ). the loss

Lpro (71”0) =
N (@)
“Eyty) [log U(T" ")
widens the margin 7¢(y™) —7g(y~), where o is the
logistic function and 3 regularizes toward mef. As
the evolving policy itself generates our preference

data, DPO runs in periodic bursts.

3 Methodology

EPOCH augments an LLM-based evolutionary
loop with two coupled ideas. The search main-



tains a heuristic pool P, initialized from a seed
heuristic; its /V;,=10 heuristics with the lowest av-
erage gap form the reproduction population Py, .
Each iteration draws an operator, builds a prompt
from parents selected from this population, sam-
ples candidates from the policy 7y, and admits
the valid ones into P. A per-instance gap-vector
representation makes the search coverage-aware,
and an experiential preference-optimization update,
fed by teacher-guided reflection and an RSD term
that internalizes its gains, fine-tunes the generator
on its own evolutionary search. Sections 3.1-3.7
present the representation, parent selection, the evo-
lutionary operators, the operator bandit, coverage
stagnation and recovery, the reflective rollout, and
experiential preference optimization, respectively.
Figure 1 illustrates one training iteration and Al-
gorithm 1 gives its pseudocode, with the complete
pseudocode of its subalgorithms in Appendix C.

3.1 Per-Instance Gap Vectors, Experts, and
Coverage

Let f’ denote a reference optimum for training
instance x;, e.g., an optimal tour length for the
Traveling Salesman Problem (TSP) or the L, lower
bound on bin count for online Bin Packing (OBP).
The per-instance optimality gap of h on x; is

f(h(z:)) — fF
i

which is 0 when £ is optimal on x; and grows with
sub-optimality. We represent h by its gap vector

vi(h) = (3)

= (’Yl(h), s 7'7771(h)) S Rm,

4
Y(h) = 5 i (h), x

where 7(h) is the average gap over the m instances.

Given the current pool of heuristics P, define
the pool’s best per-instance gap as ~;(P) =
mingep v;(h), the lowest gap any pool member
attains on instance x;. The heuristic achieving this
minimum is the expert heuristic for instance x;,
and the expert count

ISRIINE)

= |{i:h=argming cp 7

counts the instances on which A is uniquely best in
the pool; a heuristic with e(h; P) > 0 is an expert
heuristic. The quality of the pool as a portfolio is
captured by the coverage gap

= % 2:: Z mini(h), (6)

obtained by routing each instance to its best heuris-
tic in P. Unlike the single-best average gap
miny, 7(h), the coverage gap p(P) improves when-
ever any heuristic becomes a better expert on any
instance, even while the single best heuristic is un-
changed. This set-level objective has previously
guided survivor selection within an inference-only
search (Liu et al., 2026). EPOCH instead makes it
the control signal of the entire search. Finally, the
complementarity of two heuristics is the £1 distance
between their gap vectors (Liu et al., 2026),

= [lv(h) =~ (Al
7
_ZW () (7

which is large when two heuristics behave differ-
ently across instances.

d(h, h')

3.2 Expert-Aware Parent Selection

The evolutionary operator prompts are seeded with
parent heuristics drawn by rank-based sampling
from the reproduction population Py, the N,
heuristics of P with the lowest average gap; ex-
pert counts in this section are computed within that
subset. A draw h ~ Rank(Py,; () selects h with
probability proportional to 1/rank under the or-
dering key (, with | and 1 denoting descending
and ascending order. The single-parent mutation
operators draw

o {Rank(PNp; e(sPn,) L) Wp. Pexp=0.5, )

Rank(Pn,; 7(-)1)

where the expert-count branch, taken with prob-
ability peyp, recruits expert heuristics for under-
covered instances, and the average-gap branch re-
fines strong all-rounders. The crossover operator
draws hy ~ Rank(Py,;7(-)1 ) and

otherwise,

hy ~ {softmax(d(h1, -)/7'), 7=0.5 W.p. Pcomp=0.5,
Rank(Py,; 7(-)1) otherwise,

©)
where the complementarity branch, taken with
probability peomp, pairs the first parent with its
most complementary counterpart under Eq. (7),
and the average-gap branch pairs it with a strong
all-rounder. The branch taken in Eq. (9) also deter-
mines the crossover variant of Section 3.3. Algo-

rithm 2 implements this as SELECTPARENTS.

3.3 Evolutionary Operators

EPOCH evolves heuristics with five evolutionary
operators, a two-parent crossover operator and four



single-parent mutation operators, all sharing a com-
mon prompt skeleton that presents each parent’s
design idea, code, and average gap; the full tem-
plates and their sources are given in Appendix .

* Crossover recombines two parents, with the
variant set by the branch of Eq. (9):

— Exploitative crossover, used when the
second parent was chosen by average-
gap rank, asks for a heuristic that out-
performs both parents on the same in-
stances.

— Complementary crossover, used when
the second parent was chosen by comple-
mentarity, asks for a heuristic that unites
the parents’ strengths across all instances
either of them already handles well.

* Simplification takes one parent and distills it
into a more concise, elegant version, counter-
ing the build-up of redundant components.

¢ Injection takes one parent and adds a novel
component to it while preserving its core
mechanism.

* Replacement takes one parent, locates a com-
ponent that scores competing choices nearly
equally, and rewrites it to differentiate them.

* Refine takes one parent, identifies its single
most important weakness, and rewrites it to
fix that weakness while preserving the parts
that already work well.

3.4 Adaptive Operator Bandit

EPOCH allocates operator probabilities adaptively,
favoring operators that advance instance coverage.
For each operator o € O we keep a quality estimate
Qo € [0,1], an exponential moving average of a
per-draw reward. After o is drawn and its children
are scored, let g, be the fraction of the m instances
on which any of its children improves the pool’s
best per-instance gap measured before admission,
vp the fraction of valid children whose average gap
beats the best parent’s, and v, the valid fraction.
The reward combines these as

R, = we go + wpvp + wy vy, (10)
with weights (w., wp, w,) = (0.6,0.25,0.15), so
the coverage gain g, dominates. The quality is

updated as @, < (1 — n)Q, + nR, with n=0.3,
and operators are drawn with probability

Wy = wg clip(e“(Q"*Q), %, 2),

Po= ¢+ (1 - k¢)wo/zo/ Wo'

where () is the mean quality over the k eligible op-
erators, w) a fixed prior, set to 3 for crossover and 1
otherwise, offsetting the split of the crossover draw
between its two variants, k=6 a steepness, and
$=0.05 a probability floor. Centering on () pro-
motes above-average operators, while the clip and
the floor keep every probability in a bounded band,
so the bandit concentrates budget without starving
any operator. After the recovery of Section 3.5 the
quality estimates are stale, so all (), are reset to 0.
Algorithms 3 and 4 implement the draw and the
update as DRAWOPERATOR and UPDATEBANDIT.

(1)

3.5 Coverage Stagnation and
Expert-Preserving Recovery

Self-reinforcing prompting can drive the pool onto
minor variants of the current best heuristic, so
EPOCH performs coverage-aware population man-
agement, detecting coverage stagnation and coun-
tering it with an expert-preserving recovery that
shrinks the pool to N,,/2 heuristics. The stagna-
tion criterion is keyed to the coverage gap rather
than the single best heuristic, which can stay un-
changed while the pool keeps gaining expert heuris-
tics. Each iteration recomputes p(P) and its best
value p*, registering an improvement when

p(P) < p* — ¢, (12)

for an absolute margin ep:10_4. The recovery
fires after T,,=10 iterations without improvement,
or T¢ap=40 iterations after the last recovery, the
latter forcing a periodic reset in long improvement
stretches. It rebuilds the pool from the best-by-
average-gap heuristic, the seed, and the highest-
expert-count heuristics, resets the bandit’s quality
estimates, and restarts the stagnation window by
setting p* to the recovered pool’s coverage gap. A
persistent expert archive A, untouched by recovery,
retains the best heuristics found on each training in-
stance, so the pool can shrink aggressively without
losing discovered expert heuristics. Algorithm 5
implements the recovery as RECOVER.

3.6 Teacher-Guided Reflective Rollout

Each iteration, the policy first generates the Round-
1 rollouts Y;, N;=4 responses to the operator



Algorithm 1 EPOCH: one training iteration

Input: policy mg; teacher m; pool P; expert archive A;
preference buffer I3; iteration index ¢

Output: updated P, A, B, 7y

\\ Coverage-aware population management
P < RECOVER(P) b stagnation and rebuild, Alg. 5
\\ Reflective rollout
0 < DRAWOPERATOR()

S < SELECTPARENTS(P, 0)
q < Prompt(o, S)
Vi {y; ~7o(- | @) 12
evaluate v

8: z + mr(q, Y1)

9: Yo+ {y; ~mo( | g 2) 12

evaluate

10: \\ Admission, pairing, and bookkeeping

11: F < (v (P),...,7m(P)) ® pre-admission snapshot
122 P+~ PU{hy|y€Y1UY>, yvalid} > admit
13: B + B U BUILDPAIRS(q, Y71,Y2) > pairs, Alg. 6
14: UPDATEBANDIT(0, Y1, Y2, F) > reward, Alg. 4
15: A < UpdateArchive(A,P)  © per-instance experts
16: \\ Policy update

17: if t mod Typo = O then

18:  mg < DPOBURST(mg, B)
19: end if
20: return P, A, B, mo

> bandit draw, Alg. 3
> expert-aware, Alg. 2
> operator prompt
> Round 1, unhinted;

A A ol Sl

> natural-language insight
> Round 2, hinted;

> DPO + RSD, Eq. (14)

prompt g. Each response states a design idea and
implements it as an executable heuristic. An ex-
ternal feacher LLM 7 reads q and Y7 and returns
a natural-language insight z, and the policy gen-
erates the Round-2 rollouts Y5, No=4 responses
to the insight-augmented prompt ¢ = q¢ @ z; we
refer to ¢ and q as the hinted and unhinted prompts.
The teacher contributes only this critique, queried
once per iteration, and generates neither heuris-
tics nor training data, so every heuristic and ev-
ery preference pair comes from the policy itself.
The teacher’s full prompt appears in Appendix .
The critique adapts to how many valid responses
Round 1 produced, where a response y is valid
when it follows the output format, parses into an
executable heuristic h,, and runs on the training
instances without failure.

* Contrastive critique. With two or more valid
heuristics, the teacher contrasts the best and
worst, reporting the design choices that re-
duced the gap and an instance-grounded sum-
mary of the training instances each wins.

* Repair critique. With one valid heuristic, the
teacher pairs it with a failed one and combines
what worked with what to repair.

* Diagnostic critique. With no valid heuristic,
the teacher inspects two distinct failure modes
and proposes a runnable direction.

3.7 Experiential Preference Optimization

An iteration produces a pooled batch Y; U Y3 of
valid and invalid responses. Each valid response re-
ceives the reward r(y) = —7(h,), the negative av-
erage gap of its heuristic. Invalid responses require
no reward, only a failure-type label that selects the
repair and diagnostic critiques of Section 3.6. Two
families of preference pairs are appended to a grow-
ing buffer B by BUILDPAIRS in Algorithm 6, all
conditioned on the unhinted prompt g:

« Within-batch pairs. Following Surina et al.
(2025), the valid responses are split by re-
ward into halves and randomly matched across
them, each used at most once. Each invalid
response is paired as dispreferred against a
random valid response, teaching the policy to
avoid unparseable or crashing code.

* Cross-round pairs. Each valid Round-2
hinted response y* ~ (- | G) is preferred
over a strictly worse valid Round-1 unhinted
response ¥y~ € Y7 with r(y~) < r(yh).
These pairs encode the lift from reflection and
form the reflective subset Bi.

The insight 2z biases Round 2 toward better heuris-
tics but is only a sampling aid; every pair condi-
tions on the unhinted ¢, so the policy is trained on
the prompt distribution it generates from, and the
optimality gap certifies every pair’s ordering.

Every T4p,=20 iterations we run a preference-
optimization burst, the DPOBURST step of Algo-
rithm 1, over the accumulated buffer. A threshold
filter drops pairs whose preferred reward falls be-
low the 30th percentile of the valid-output rewards
observed since the previous burst (Surina et al.,
2025), and the buffer accumulates across all itera-
tions, which preserves diversity. The reference et
is the current model with its low-rank adaptation
(LoRA) disabled (Hu et al., 2022).

Reflective Self-Distillation. Optimizing the
buffer with Eq. (2) teaches the policy to rank a
reflective winner y ™ above the worse unhinted
candidate y—, but ranking is not generation.
The loss enters a pair only through the margin
7o(y™) —7e(y ™) and need not raise log mg(y™ | q);
it is met largely by lowering 79(y~), and the
reflective pairs are also a minority of the buffer
with small margins, since both responses are valid
heuristics. The unhinted policy thus learns to
prefer the reflective winner without becoming



Method TSP-20 TSP-50 TSP-100 TSP-200
Classical heuristics
Nearest Neighbor 17.64 21.96 24.58 26.10
LLM-based AHD: GPT-40-mini (closed-source)
Top-1 10.55 +3.58 13.89 +4.48 15.43 +4.77 16.64 +£5.00
ReEvo Top-3 9.18 +2.55 12.12 +2.66 13.66 +3.29 17.01 £4.28
Top-10 8.49 +£2.52 10.92 +2.29 12.48 +2.70 14.29 £2.98
Top-1 12.58 £4.18 16.37 £4.62 18.56 £4.94 20.86 £5.30
HSEvo Top-3 11.38 +5.16 15.12 +5.64 17.39 £5.91 20.14 +5.98
Top-10 10.59 +5.81 14.28 +6.32 16.66 +6.50 19.65 +6.48
Top-1 7.28 £0.71 10.77 £0.71 12.82 +0.67 14.75 £1.03
MCTS-AHD Top-3 6.25 +1.07 9.50 +1.08 11.77 £1.14 14.00 +1.18
Top-10 4.54 £1.20 7.94 £1.17 10.49 +1.25 12.85+1.41
Top-1 8.56 +0.91 11.69 +0.71 13.80 +0.91 15.05 +0.98
EoH-S Top-3 5.05 £0.43 9.14 +0.61 11.80 +0.83 13.75 +0.85
Top-10 3.22 +£0.41 7.30 +0.38 10.06 +0.38 12.39 +0.42
LLM-based AHD: Llama-3.1-8B
Top-1 10.58 +0.58 14.87 +1.36 18.38 +2.10 26.06 +12.93
ReEvo Top-3 10.28 +£0.59 14.15 +2.15 16.19 £1.65 19.05 £1.37
Top-10 10.25 +0.62 14.10 +2.24 15.96 +2.01 18.69 +1.54
Top-1 11.46 +1.69 15.85 +2.63 18.48 +4.51 21.34 £7.00
HSEvo Top-3 10.61 £1.28 14.83 £1.76 17.27 +2.82 19.47 +3.89
Top-10 10.29 £1.54 14.45 +2.10 16.80 +3.24 18.99 +4.31
Top-1 10.27 +0.37 14.23 +0.65 16.39 £1.48 17.87 +1.45
MCTS-AHD Top-3 9.76 +0.40 13.40 +0.39 15.40 +0.81 16.92 +1.04
Top-10 7.58 +£0.63 11.73 +0.61 13.77 +0.91 15.51 £1.15
Top-1 10.69 +0.93 15.43 £1.58 17.86 £1.38 20.04 £1.46
EoH-S Top-3 6.05 £0.72 11.68 £1.06 14.59 +0.93 17.31 £1.05
Top-10 4.70 +0.81 10.46 +1.02 13.60 +0.96 16.45 +1.07
Top-1 6.76 +£0.26 10.02 +0.26 11.75 +0.27 13.47 +0.31
CALM Top-3 6.55+0.23 9.68 +£0.55 11.34 +0.51 13.33 +0.47
Top-10 6.19 +0.54 9.31 +0.80 11.04 +0.67 13.30 £0.91
EPOCH Top-1 6.19 £0.30 9.61 £0.25 11.63 +0.21 13.57 £0.36
(Ours) Top-3 4.31+0.30 7.62+0.23 9.85 £0.36 11.98 +£0.49
Top-10 2.81 £0.22 5.73 +0.15 8.15 +0.19 10.74 +0.38

Table 1: TSP optimality gap (%) to LKH-3 optima; each cell is the mean over runs with standard deviation, lower is
better. Size n=>50 is ID (underlined); n € {20, 100,200} are OOD. Within each backbone block the best method

per metric and test set is shaded ; each test set’s overall best result is shown in bold.

more likely to generate it, although every Round-1
rollout is drawn from that policy.

To close this gap we distill the hinted policy into
the unhinted one. Following Zhao and Li (2025),
their discrepancy is the forward KL divergence

Lrsp (7o) = Eq,- KUYmo(- [ @) | 7o(- [ @),  (13)
which we estimate, as a reward-filtered surrogate,
from the Round-2 winner y ™, since y* is a draw
from 7y (- | §) and freezing that hinted distribution
reduces the gradient of Eq. (13) to that of the neg-
ative log-likelihood — log mg(y™ | ¢). This RSD
term, applied to B, alone, gives the burst objective

L(mg) = Lporo(me)

(14)
+ A )~

i [~ logmo(y™ | 9)],
with A=0.1 in all main runs and Appendix D giv-
ing the derivation. Where DPO is relative, RSD
is absolute, directly raising the probability that the
unhinted policy generates the reflective winner. Re-
stricting the term to B,er, whose pairs contain by
construction a valid and better hint-guided heuris-
tic, distills genuine reflective gains. Because the
Round-1 rollouts are drawn from my(- | ¢), the in-
ternalized improvement makes them better on their
own, and the gain accumulates over the search.

4 Experiments

We evaluate EPOCH on three COPs, the TSP, OBP,
and Knapsack Problem (KP), solved within a step-
by-step construction framework. We assess the
single best heuristic, the expert-heuristic ensemble,
and generalization from the in-domain (ID) training
size to out-of-distribution (OOD) sizes. Problem
definitions, datasets, and evaluation protocol are in
Appendix B, and the KP results in Appendix E.1.

Benchmarks and metrics. We report mean op-
timality gaps in percent, where lower is better. For
TSP this is the gap of the tour length to the LKH-
3 (Helsgaun, 2017) optimum averaged over 300
test instances per size, and for OBP the gap of the
bin count to the L; lower bound averaged over the
Weibull test instances. Each method saves a set of
heuristics, scored at two granularities. Top-1 evalu-
ates the saved heuristic with the best training fitness,
while fop- K evaluates the saved set as a portfolio,
taking on each test instance the lowest cost among
the K heuristics. We use K € {1,3,10} for TSP
and K € {1,4} for OBP. EPOCH’s saved set is
the expert-heuristic ensemble from its archive A4,
ranked by expert count; Appendix B states how
each baseline ranks its saved set.

Backbones and settings. We run EPOCH
with two open-source backbones, Qwen2.5-7B and



Method Tk_100 Tk_500 5k_100 5k_500 T0k_100 T0k_500 Avg.
Classical heuristics
First-Fit 5.02 0.25 4.65 0.55 4.36 0.50 2.55
Best-Fit 4.77 0.25 4.31 0.55 4.05 0.47 2.40
LLM-based AHD: GPT-40-mini (closed-source)
Top-1 3.74 £0.94 0.40 +0.30 3.09 £1.12 0.69 £0.30 2.84 +1.11 0.53 +0.12 1.88 +0.46
ReEvo Top-4  3.61+1.01 0404030  298+1.21  0.56+0.13 274+122 0444003 | 1.79+0.53
S Top-1 2.85+1.01 0.40 +0.30 2.19+1.15 0.56 £0.02 2.01 £1.15 0.50 +0.04 1.42 +0.52
HSEvo Top-4 2824101 0204000  2.174117 0474042 2.0l 4115 0424010 | 1.35+0.56
MCTS-AHD Top-1 2.59 +0.45 0.15+0.12 1.88+0.47  (0.42+0.17 1.71 +0.41 0.38 £0.12 1.19 +0.27
. Top-4  2.48+051  0.10+0.12 1.79+053  0.36+0.17 1.61+0.48  0.33+0.13 1.11 +0.31
Top-1 2.62 +0.33 0.25 +0.16 1.74 +0.73 0.42 +0.15 1.46 +0.83 0.35+0.13 1.14 +0.33
EoH-S Top-4  2.40+038  0.15+012  141+056 0244016  1.084058  0.18=0.15 | 0.91=0.30
LLM-based AHD: Llama-3.1-8B

Top-1 4.34 +0.70 0.25 £0.00 327 +1.25 0.41 +0.17 3.04 +1.36 0.36 +0.16 1.95 +0.60
ReEvo Top-4  4.10+0.87  020+0.10  323+1.24  041+017  298+134  0.35+0.16 | 1.88+0.64
S Top-1 3.39+0.93 0.25 +0.00 242 +1.26 0.42 +0.18 2.11+1.33 0.36 +0.15 1.49 +0.58
HSEvo Top-4  3.36+097 0254000 242+1.26  040+0.16  2.10+1.33  0.36+0.15 | 1.48+0.59
MCTS-AHD Top-1 4.14+089  0.17 £0.12 3.54 £1.09 0.46 £0.12 330+1.07  0.40+0.11 2.00 £0.57
- Top-4 4.11 £0.94 0.17 +0.12 3.54 £1.09 0.46 £0.12 3.30 £1.07 0.40 +0.11 1.99 +0.57
EoH-S Top-1 3.92+0.78 0.21 +0.09 2.89 +0.87 0.51 £0.07 2.59 £1.00 0.45 +0.05 1.76 £0.38
O Top-4 3.56 +0.73 0.08 +0.12 1.46 +£0.57 0.16 +£0.09 1.14 +0.69 0.14 +0.10 1.09 +0.27
CALM Top-1 3714052  0.59 +0.82 1.32+0.40  0.30+0.14  0.82+0.41  0.27+0.14 1.17 +0.22
Top-4 3.69 +£0.51 0.59 +0.82 1.29 +0.43 0.29 +0.15 0.80 £0.43 0.26 £0.13 1.15+0.23
Top-1 2.99 +0.70 0.30+0.36 1.66 £0.90 0.32+0.21 1.33 +0.97 0.28 +£0.24 1.15+0.39
EPOCH (Ours) Top-4  2.34+043  0.10%0.12  0.74+006  0.20+0.07  0.36+0.06  0.13+0.04 | 0.64=0.07

Table 2: OBP optimality gap (%) to the L; lower bound on the six held-out Weibull test sets; each cell is the mean
over runs with standard deviation, lower is better. Columns are (items, capacity), e.g. 1k_100 is 1,000 items at
capacity 100; Avg. is the mean over the six. Item scales 1k, 5k are ID (underlined); 10k is OOD. Within each
backbone block the best Avg. per metric is shaded ; each test set’s overall best result is shown in bold.

Llama-3.1-8B, fine-tuned online during the search,
with GPT-5-nano as the teacher (Appendix G.2
shows the gains persist with other teachers, includ-
ing its own backbone). Every method uses a budget
of 1,000 heuristic generations, which for EPOCH
corresponds to 125 iterations. Full hyperparame-
ters are in Appendix H.

Baselines. We compare against five LLM-based
AHD methods, CALM (Huang et al., 2026), which
fine-tunes the generator, and the inference-only
ReEvo (Ye et al., 2024), HSEvo (Dat et al., 2025),
MCTS-AHD (Zheng et al., 2025), and EoH-S (Liu
et al., 2026). The inference-only methods are also
run with GPT-40-mini and, in Appendix E.1, with
GPT-5-nano; CALM and EPOCH require open
backbones. For a fair comparison, where an open-
backbone baseline makes auxiliary LLM calls that
do not generate heuristics, such as reflection, they
are served by GPT-5-nano, the teacher model of
EPOCH (Appendix H). We further include the
classical heuristics nearest-neighbor (Rosenkrantz
et al.,, 1977) for TSP, and First-Fit and Best-
Fit (Johnson et al., 1974) for OBP.

4.1 Main Results

TSP. As reported in Table 1 (Qwen2.5-7B in Ta-
ble 5), EPOCH attains the best or a comparable
top-1 gap in every size—backbone setting, improv-
ing on CALM by up to 8%. The advantage widens
at the ensemble level, where the top-10 ensem-

ble cuts the gap at the training size n=>50 by 38—
40% relative to CALM and 19-45% relative to the
strongest inference-only baseline, and the top-3 en-
semble already outperforms the top-10 ensemble
of almost every baseline. The gains persist OOD,
with the top-10 ensemble about 20% below CALM
at n=200. Despite far smaller open backbones,
EPOCH outperforms the inference-only baselines
run with GPT-40-mini at every metric and test size,
and nearest-neighbor by a wide margin.

OBP. Across the six test sets of Table 2
(Qwen2.5-7B in Table 6), EPOCH attains the low-
est average gap of the open-backbone methods at
both top-1 and top-4, with a top-4 average 44-55%
below CALM, over 40% below the strongest open-
backbone inference-only baseline, and 13-30% be-
low the strongest GPT-40-mini baseline.

Single-best versus ensemble. TSP, OBP, and
KP show the same pattern, the best or a comparable
top-1 heuristic and far larger gains at the ensemble
level. Because parent selection, operator allocation,
stagnation recovery, and the deployed ensemble
all optimize instance coverage rather than average
fitness, the search yields a heuristic set whose per-
instance best cost falls far below that of any single
heuristic. Full results with Qwen2.5-7B and all
classical heuristics, seed-robustness studies, evo-
lutionary curves, and TSPLIB results appear in
Appendix E, and significance tests in Appendix F.
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Figure 2: Motivation for RSD, on TSP with Llama-
3.1-8B (top) and Qwen2.5-7B (bottom): (a) reflective
cross-round pairs are a minority of the preference buffer;
(b) plain DPO at A=0 satisfies the reflective pairs’ mar-
gin by lowering the implicit reward of the rejected
response, not raising the winner’s; (c) increasing the
RSD weight ) raises the unhinted policy’s per-token
log-likelihood of the reflective winners.
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Figure 3: Internalization over training, on TSP with
Llama-3.1-8B (left) and Qwen2.5-7B (right). The un-
hinted policy’s per-token log-likelihood of the reflective
winners rises across DPO bursts for A > 0 and stays flat
at A=0.

4.2 Ablation Study

We ablate EPOCH one component at a time, on
TSP and OBP with Llama-3.1-8B over five runs,
scored on 100 instances per test set. We report in
Table 3 the ensemble gap, top-10 for TSP and top-4
for OBP, averaged over the test sets. Appendix G
details each row’s removal and replacement, along
with the hyperparameter ablation.

Gap-vector representation. Replacing the per-
instance gap vector with its scalar average every-
where causes the largest degradation, widening the
ensemble gap by 29% on TSP and 34% on OBP.
Scoring heuristics by one number removes the per-
instance structure that parent selection, the operator
reward, recovery, and the deployed ensemble use.

Coverage-aware search. Every coverage mech-
anism contributes. Removing expert-aware parent
selection, the operator bandit, or the coverage term
of its reward widens the ensemble gap by 2-5%
on TSP and 19-27% on OBP, with the uniform

TSP OBP

EPOCH (full) 6.79 £0.19 0.64 +0.07
Reflective learning
w/o RSD 7.17+027  0.79 +0.06
w/o cross-round pairs 6.92 +0.16 0.75 £0.10
w/o instance-grounded insight 6.90 +0.21 0.68 +0.07
w/o teacher reflection 6.99 +0.14 0.83 +0.16
w/o preference optimization 7.01 +£0.13 0.81 +0.15
Coverage-aware search
w/o expert-aware selection 6.93 +0.15 0.81 +0.09
w/o adaptive operator allocation 7.15+0.39 0.76 +0.12
coverage-blind bandit 7.07 +0.16 0.77 +0.06
w/o coverage-stagnation signal 7.13 +0.29 0.69 £0.08
w/0 expert-preserving recovery 6.99 +0.17 0.76 +0.06
Gap-vector representation
scalar fitness (no gap vector) 8.77 +0.63 0.86 £0.18

Table 3: Component ablations on the Llama-3.1-8B
backbone, reported as the ensemble optimality gap (%),
lower is better. The full method is in bold.

operator draw the largest on TSP. Replacing the
coverage-stagnation signal with a fixed-period reset
and the expert-preserving recovery with a single-
best rebuild degrade the ensemble by up to 5% on
TSP and 19% on OBP, confirming that preserving
expert heuristics through recovery is essential.

Reflective learning. The reflective and prefer-
ence components contribute most on OBP, whose
four training instances make lost expert heuristics
harder to recover. Removing RSD, the instance-
grounded insight, teacher reflection, or preference
optimization widens the OBP gap by 6-30% and
the TSP gap by 2—-6%. The reflective cross-round
pairs are a minority of the buffer, 29% for Llama
and 17% for Qwen (Figure 2a), and on those pairs
the DPO loss is met almost entirely by lowering the
rejected response’s implicit reward rather than rais-
ing the winner’s (Figure 2b), so the update ranks the
winner above the worse candidate without making
the policy more likely to generate it. The RSD term
supplies the missing absolute signal, as a larger
weight A raises the unhinted policy’s per-token log-
likelihood of the reflective winners (Figure 2c), and
this log-likelihood rises across training for A > 0
and stays flat at A=0 (Figure 3). The unhinted pol-
icy thus internalizes the hint-guided improvement
and generates stronger Round-1 heuristics, the gain
Table 3 attributes to RSD.

5 Conclusion

We propose EPOCH, an LLM-based AHD frame-
work that fine-tunes the generator during the search
and represents every heuristic by its per-instance
optimality-gap vector rather than a scalar fitness.
This representation makes the entire search loop
coverage-aware, driving expert-aware parent selec-
tion, an adaptive operator bandit, and coverage-



based stagnation recovery. Teacher-guided reflec-
tion becomes a training signal, and RSD internal-
izes these improvements into the generator. Across
COPs and LLM backbones, EPOCH’s complemen-
tary expert-heuristic ensembles outperform AHD
methods and generalize across problem scales.

Limitations

EPOCH fine-tunes only the generator. The teacher
LLM that returns the natural-language insight stays
fixed throughout the search, so reflection guides the
training of the generator without being trained it-
self. Fine-tuning the reflection jointly with the gen-
erator, toward an end-to-end fine-tuned system, is
left for future work. EPOCH is evaluated within the
step-by-step construction framework; Appendix B
explains this choice, and solver-driven frameworks
such as ant colony optimization and guided local
search remain to be explored.
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A Extended Related Work

Heuristic design and hyper-heuristics. Exact
algorithms for NP-hard COPs rarely scale to prac-
tical instance sizes, so routing, scheduling, and
design problems are commonly solved with heuris-
tics (Desale et al., 2015; Tam et al., 2024) and with
metaheuristics such as simulated annealing and
tabu search (Kirkpatrick et al., 1983; Glover, 1990).
Such solvers encode expert knowledge, and adapt-
ing one to a new problem variant largely restarts
the design effort (Pillay and Qu, 2018; Choong
et al., 2018). Hyper-heuristics and AHD instead
automate the design itself, selecting or construct-
ing heuristics for a problem class (Burke et al.,
2013). Genetic programming is the classical re-
alization, evolving heuristic programs built from
a human-defined function set (Langdon and Poli,
2013; Duflo et al., 2019), and free-form LLM code
generation widens the search space beyond what
that function set expresses.

LLMs in evolutionary search. A line of work
runs a standard evolutionary algorithm but lets an
LLM generate the offspring, prompting it with the
selected parents to produce new code or text, while
fitness evaluation and survivor selection stay out-
side the model (Lehman et al., 2024; Meyerson
et al., 2024; Chen et al., 2023). LLM-based AHD
builds on this setup, and EPOCH keeps the same
outer loop but additionally trains the operator rather
than treating it as fixed.

LLM-based AHD frameworks. Fun-
Search (Romera-Paredes et al., 2023) pioneered
evolutionary program search with an LLM
proposer, EoH (Liu et al., 2024) co-evolves
thoughts and code, ReEvo (Ye et al., 2024) adds
reflection (Shinn et al., 2023; Pryzant et al., 2023),
HSEvo (Dat et al., 2025) couples diversity metrics
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with harmony search, and MCTS-AHD (Zheng
et al., 2025) organizes heuristics in a Monte Carlo
tree. Analyses of the AHD fitness landscape
and code-evolution dynamics further motivate
diversity (Liu et al., 2025; van Stein et al., 2025),
and planning-based approaches organize the search
over a tree (Wang et al., 2025) or an entailment
graph that carries derivation history (Gungordu
et al., 2026). Most relevant to our coverage
view, EoH-S (Liu et al., 2026) evolves a set of
complementary heuristics, using per-instance
performance vectors to select survivors that
specialize on different parts of the instance
distribution. All of these methods keep the LLM
frozen, whereas EPOCH trains the generator and
uses the per-instance best gaps as an online control
signal throughout the run.

Training the LLM generator for AHD.
CALM (Huang et al., 2026) co-evolves the
heuristic pool and the LLM, fine-tuning with
GRPO (Shao et al., 2024) on a progressive scalar
reward and using a stagnation-driven collapse
that resets the pool to the seed and current
best. EvoTune (gurina et al., 2025) interleaves
FunSearch-style search with periodic DPO over a
program database treated as a replay buffer, using a
forward-KL variant that preserves output diversity
and a dynamic reward-percentile filter. EPOCH
likewise fine-tunes the generator, but governs
selection, operator allocation, and recovery by
per-instance gap vectors rather than scalar fitness,
converts teacher-guided reflection into preference
pairs and distills the hint-guided improvement into
the unhinted policy with an RSD term, and deploys
a complementary ensemble of expert heuristics.

Reflection and natural-language feedback.
Reflexion (Shinn et al.,, 2023) and Self-
Refine (Madaan et al., 2023) improve LLM
outputs through in-context natural-language
feedback, ExpelL (Zhao et al., 2024) reuses
accumulated experience across tasks, and prompt-
optimization methods treat textual critiques
as gradients (Pryzant et al., 2023); all act at
inference time without updating weights. A
recent thread instead folds text feedback into
training. Text feedback can be distilled into
first-attempt behavior so the model needs no
feedback at test time (Song et al., 2026), and
an experience—reflection—consolidation loop can
internalize corrective revisions into the policy (Shi
et al., 2026), though both target domains other



than heuristic design. EPOCH brings this idea
to AHD, where the executable, verifiable reward
orders reflection-conditioned generations without
a learned judge, and its RSD term internalizes the
hint-guided improvement into the policy’s unhinted
behavior so it carries into later generations of the
search.

Preference optimization and learning from feed-
back. Aligning LLMs from preferences was
popularized by reinforcement learning from hu-
man feedback (RLHF) (Ouyang et al., 2022);
DPO (Rafailov et al., 2023) removes the learned re-
ward model by optimizing preferences directly, and
Reflective Preference Optimization (Zhao and Li,
2025) constructs the pairs by conditioning regener-
ation on a critic’s hint and contrasting hinted with
unhinted responses, keeping the update on-policy.
EPOCH adopts DPO for the generator together
with this reflection-as-preference construction, but
the preference ordering is certified by the optimal-
ity gap on executed code rather than by a learned or
model-based judge, and the contrasted responses
are a hinted second batch versus a strictly worse
unhinted first batch from the same evolutionary it-
eration. That work also distills the hint-conditioned
behavior back into the unconditioned policy to re-
move a test-time dependence on the hint. EPOCH’s
RSD term shares this mechanism but is motivated
within training, makes each iteration’s unhinted
rollouts better and accumulates across generations,
and is gated to the pairs whose verifiable reward
certifies a genuine reflective gain.

B Problem Definitions and Datasets

We instantiate EPOCH on three COPs, solved
within a step-by-step construction framework; the
function signatures match the conventions of prior
LLM-based AHD work (Zheng et al., 2025; Ye
etal., 2024).

Solution framework. We evaluate within the
step-by-step construction framework because there
the heuristic alone builds the solution, so the opti-
mality gap measures the heuristic an AHD frame-
work discovered. In solver-driven frameworks
such as ant colony optimization and guided local
search (Ye et al., 2024; Zheng et al., 2025), the
heuristic only biases a solver that continues the
search on its own, through pheromone updates or
local search, so the solver narrows the differences
between heuristics and the gap reflects the solver
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as much as the discovery method. Each candidate
evaluation also runs the solver on every training
instance, which makes it far costlier than a con-
struction run and the 1,000-generation search of
every method correspondingly slower. Extending
EPOCH to these frameworks is left for future work.

Traveling Salesman Problem (TSP). A TSP in-
stance is a complete graph on n nodes with co-
ordinates sampled uniformly from [0, 1]? and Eu-
clidean edge costs; a solution is a Hamiltonian tour
scored by its total length. Within the step-by-step
construction framework, the LLM designs the key
function below, which chooses the next city from
the current one given the unvisited set and the dis-
tance matrix, and the framework calls it repeatedly
until the tour is complete.

TSP key function

select_next_node(current_node, destination_node,
unvisited_nodes, distance_matrix)
-> next_node

Per-instance gaps in Eq. (3) are computed
against LKH-3 (Helsgaun, 2017) optimal tour
lengths. Training uses m=64 instances at n=>50;
held-out evaluation uses a range of sizes (n €
{20, 50, 100, 200}) to test OOD generalization.

Online Bin Packing (OBP). In OBP, items arrive
sequentially with sizes drawn from a Weibull distri-
bution and must be placed immediately into a bin
that can hold them, minimizing the number of bins
used. The LLM designs the priority function below,
which scores each feasible bin for the arriving item,
and the item is placed in the highest-priority bin.

OBP key function

step(item_size, remaining_capacity) -> priority

Per-instance gaps are computed against the
Ly lower bound [(}, s;)/C'] on the number of
bins (Liu et al., 2024). Because the training set
comprises few instances, the inference-time ensem-
ble is reported up to the available number of ex-
perts.

0-1 Knapsack Problem (KP). Following the KP
setting of MCTS-AHD and ReEvo (Zheng et al.,
2025; Ye et al., 2024), an instance has n items with
weights and values sampled uniformly from [0, 1]
and a knapsack of capacity 25 (12.5 at n=>50); a
solution is a subset of items whose total weight
fits the capacity, scored by its total value. Within
the step-by-step construction framework, the LLM



designs the key function below, which chooses the
next item to pack given the remaining capacity
and the weights and values of the items not yet
packed, and the framework calls it repeatedly until
no remaining item fits.

KP key function

select_next_item(remaining_capacity, weights,
values) -> next_item

Per-instance gaps are computed against the op-
timal value from dynamic programming, with the
negated value as the cost in Eq. (3). Training uses
m=064 instances at n=100; held-out evaluation
uses n € {50,100,200}.

Datasets and evaluation protocol. As summa-
rized in Table 4, for TSP we train on 64 instances
at n=50 and evaluate on held-out sets of 300 in-
stances at each of n € {20, 50, 100, 200}, where
n=>50 is ID and the other sizes are OOD. For
OBP we train on four Weibull instances span-
ning {1k, 5k} items at capacity 100, and evaluate
on the six held-out Weibull sets {1k, 5k, 10k} x
{100,500} of five instances each; the 10k-item
sets are OOD in scale. For KP we train on 64
instances at n=100 and evaluate on held-out sets
of 1,000 instances at each of n € {50, 100,200},
where n=100 is ID, with K € {1,3,10} as for
TSP. Following standard practice, both training and
test instances are sampled under fixed settings used
by prior LLM-based AHD work (Ye et al., 2024;
Liu et al., 2024; Zheng et al., 2025), and every
method sees only the training set during search and
is scored on the held-out sets afterward. We re-
port the mean over five independent runs. During
search, each heuristic evaluates the full training
set under a 60 s wall-clock budget and is treated
as a runtime failure if it exceeds it. At test time,
TSP heuristics run under a per-instance wall-clock
budget of 15s at n=50, 30s at n=100, and 60 s
at n=200, KP heuristics under 10s at every size,
and a heuristic exceeding its budget is recorded as
failing those instances.

Top-K snapshots of the methods. Every
method ends a run with a saved set of heuristics
carrying its own ranking. Top-1 evaluates the mem-
ber of that set with the best training fitness, iden-
tically for every method, and fop-K routes each
test instance to the lowest cost among K of its
members; for OBP, K'=4 matches the four training
instances. For EPOCH and EoH-S, whose saved
sets are ranked for coverage, the ensemble takes
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Train Test

Problem Scale #Inst. Scale #Inst.
TSP n=>50 64 n € {20,50,100,200} 300
OBP {1k, 5k}, C=100 4 {1k, 5k, 10k} x {100, 500} 5

KP n=100 64 n € {50, 100,200} 1,000

Table 4: Training and test datasets. ID scales are under-
lined; the rest are OOD. #Inst. is per size (TSP, KP) or
per (items, capacity) set (OBP). TSP gaps are to LKH-3
optima, OBP gaps to the L; lower bound, and KP gaps
to the optimum.

the first K of that ranking, and for every other
method it takes the K with the best training fit-
ness. At K equal to the full set size the two rules
coincide. Top-K thus scores the set each method
itself returns, with no re-selection at test time; it is
the deployment a set-based AHD method targets,
and top-1 gives the single-heuristic view along-
side. Since EoH-S is scored by the same proce-
dure on its own coverage-ranked set, the top-K
margin of EPOCH over it in Tables 5 and 6 re-
flects the search rather than the selection of the
deployed set. EPOCH deploys its expert-heuristic
ensemble ranked by expert count, Eq. (5), with
the training-fitness-best heuristic always included.
EoH-S saves its final complementary set in its own
order, the best individual first, followed by the
members added for coverage. CALM saves its
all-time-best buffer ranked by training fitness. For
HSEvo and ReEvo we take the ten best heuristics
evaluated during each run, ranked by training fit-
ness, so that strong candidates displaced by genera-
tional replacement are retained. MCTS-AHD saves
the ten tree nodes with the highest back-propagated
@ value, the quantity its tree search ranks nodes
by. On OBP every method, including HSEvo, is
trained on the same four-instance Weibull set, and
we omit the Worst-Fit rule as it is orders of magni-
tude from competitive. Among methods that fine-
tune the generator, we omit EvoTune (Surina et al.,
2025): CALM outperforms it under matched com-
parisons that include a DPO-trained CALM vari-
ant against the DPO-based EvoTune (Huang et al.,
2026), and within our framework the scalar-fitness
and reflective-learning ablations of Appendix G
isolate, under a matched budget, the gains of the
coverage-aware search and of the reflective pref-
erence construction over preference optimization
on scalar fitness alone. The classical heuristics are
deterministic single programs, so their top-1 and
top-K scores coincide.



Algorithm 2 SELECTPARENTS: expert-aware par-
ent selection

Algorithm 3 DRAWOPERATOR: bandit operator
draw

Input: pool P, population size N,,, operator o, probabilities
Pexp; Pcomp, t€mperature 7
Output: parent set S
1: P,  Topy, (P; 4(-)1) © reproduction population
2:

\\ Single-parent mutation operators

3: if o is a single-parent mutation operator then
4:  if rand() < pexp and some h has e(h; Pn,) > 0
then
5: sample h; € Py, with prob. oc 1/rank, descend-
ing e(-; Pn,) > target under-covered
instances
6:  else
7: sample hy € P, with prob. o< 1/rank, ascending
3(+) > refine strong
8  endif
9:  return {hi}
10: end if
11: \\ Crossover
12: sample hy € P, with prob. o< 1/rank, ascending 7(-)
> parent 1
13: if rand() < pcomp then
14:  sample hy ~ softmax(d(h1,-)/T) over Pn, \ {h1}
> complementary variant
15: else
16:  sample hy € P, with prob. oc 1/rank, ascending
3(+), ha # h1 > exploitative variant
17: end if
18: return {hq,ho}
C Algorithm Pseudocodes

This section provides the complete pseudocode of
the subalgorithms invoked by Algorithm 1. Al-
gorithm 2 is the expert-aware parent selector that
supplies operator parents from the reproduction
population. Algorithms 3 and 4 are the operator
bandit’s draw and update steps. Algorithm 5 is the
expert-preserving recovery that restores diversity
when the coverage gap stagnates, and Algorithm 6
is the preference-pair construction that turns one
iteration’s generations into training pairs.

Parent selection. Algorithm 2 mixes exploita-
tion with coverage over the reproduction popula-
tion Py, the N, heuristics of the pool with the
lowest average gap. A single-parent mutation oper-
ator samples either by expert count, which recruits
heuristics for under-covered instances, or by av-
erage gap, which refines strong all-rounders. The
crossover operator samples its first parent by aver-
age gap and its second parent either by complemen-
tarity or by average gap, selecting the matching
crossover variant of Section 3.3.

Operator bandit. Algorithm 3 draws operators
in proportion to a bounded weight that is centered
on the mean quality across eligible operators, under
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Input: pool P, quality {Q, }, priors {w0}, steepness «, floor
¢

Output sampled operator o
O+ 0
¢ if |P| < 2 then
remove crossover from O’
end if
Q + mean,,eo/ Qo
D W — W, clip(e"‘(QO
[ wd, 2wl]
Do O+ (1= |0 |P)wo />0 cor Wor
floor
: return o ~ p

> needs two parents

O\.U.‘:'?P.’N._

%2)f0r0€(9' >w, €

> probability

Algorithm 4 UPDATEBANDIT: bandit quality up-

date

Input: operator o, Round-1/Round-2 rollouts Y7, Y2, best-
gap snapshot I, margin €,, rate 1, weights we, Wy, Wy

Output: updated quality Q,
IV« {yeYiUYs:yvalid}

2t go + =|{i:minyev yi(hy) < F; — €, }| >instances
won vs. I
3 vy [{y €V A(hy) < Apar }| B Ypar: best

parent’s average gap
S vy |V]/ Y1 U Y| > valid fraction
: Ro < clip(wego + wpvp + wyv, 0, 1)
: Qo+ (1 =1)Qo +nRo >EMA; Q, 0 on recovery
: return Q,

N B~

the probability floor ¢. Algorithm 4 then revises
the quality ), from the expert-coverage gain g,
together with the parent-beating and validity frac-
tions of the iteration’s children, and resets ), to 0
on recovery.

Expert-preserving recovery. Algorithm 5 tracks
the coverage gap p(P); after T, iterations with-
out an €, improvement, or Tc,, iterations since the
last recovery, it rebuilds a pool of N,,/2 heuristics
from the best heuristic, the seed, and the highest-
expert-count heuristics, resets the bandit’s quality
estimates, and restarts the stagnation window by
setting p* to the recovered pool’s coverage gap.
The persistent expert archive of Section 3.5 is up-
dated each iteration outside this procedure and re-
mains intact across recoveries.

Preference-pair construction. Algorithm 6
forms within-batch pairs by splitting valid re-
sponses at the reward median and matching across
the halves, pairs each invalid response as dispre-
ferred against a randomly chosen valid one, and
adds cross-round pairs that prefer a hinted Round-2
response over a strictly worse unhinted Round-1
response. Every pair is conditioned on the unhinted



Algorithm 5 RECOVER: expert-preserving recov-
ery
Input: pool P, best gap p*, age a, patience T}, iterations-

since-recovery ¢, cap Tcap, margin €,, population size

Ny, seed heuristic hgced
Output: updated pool
\\ Stagnation criterion
p+ =3 minyep vi(h)
c+—c+1
if p < p* — ¢, then

p 4 p; a0
else
a+—a+1
: end if
»ifa <T, and ¢ < Ttap then
return P
: end if
\\ Expert-preserving rebuild
? Prec {arg minpep W(h)} ) {hseed}
average-gap and seed
: Prcc <~ prcc U TOpr/Q—\Prec\ (P \ Prcc; 6(, P) \L )
> ties: lower 7

: reset bandit; p* <«
c+0
return Prec

> coverage gap, Eq. (6)

> coverage gap improved

R A S

> within patience and cap

> best-by-

L3 minnep,.. vi(h): a < 0;
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prompt q.

D Reflective Self-Distillation: Derivation
and Margin Analysis

This appendix expands Section 3.7. We make pre-
cise the sense in which preference optimization
over the search buffer can rank the reflective win-
ners without making the policy more likely to gen-
erate them, and then derive the RSD term as the
sampled, stop-gradient form of a divergence be-
tween the hinted and unhinted policies. Through-
out, ¢ is an unhinted operator prompt, § = ¢ P z its
insight-augmented counterpart (Section 3.6), and a
reflective pair (¢, 4",y ™) € Bt has a hinted win-
ner y© ~ my(- | ¢) and a strictly worse unhinted
candidate y~ ~ my(- | ).

Ranking is not generation. Recall the implicit
reward 7g(y) = B log :95?"‘1)) The per-pair loss of
Eq. (2) is a decreasing function of the margin

) = 7a(y™)
To(y—19)
Tret (Y1)

Ag(q,yty™) =roly
_/3[1 og mo(ytlq)

Tret (YT 1q)

—log ] (13)

and enters the pair only through Ay, so nothing in
it rewards a high absolute value of log my(y™ | q);
a given increase of Ay is credited equally whether
it raises logmg(y™ | ¢q) or lowers logmy(y~ |
q). Because a log-probability is bounded above
by 0 but unbounded below, the margin can be
widened far more cheaply by driving log 79 (y~ | ¢)
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Algorithm 6 BUILDPAIRS: preference-pair con-
struction

Input: unhinted prompt ¢, Round-1 rollouts Y7, Round-2
rollouts Y3
Output: preference pairs By
1: V <« valid responses in Y1 U Y5; I < invalid responses;
By« 0
2: \\ Within-batch pairs
3: (V*, V™) < higher- and lower-scoring halves of V' by
r()
: add (q,y ",y ™) for a random matching of V* with V=
> each response used at most once

~

S5: forally™ € I do

6: add(q, y, y~) withy ~ Unif(V) b valid > invalid

7: end for

8: \\ Cross-round pairs

9: for all valid y™ € Y> do

10:  add (¢,y",y") withy~ ~ Unif({y € VNY; :
r(y) <r(y™) }) > skip if empty

11: end for

12: return B,

down than by lifting the already-high log my(y™ |
q), and gradient descent does so preferentially,
leaving log mg(y™ | q) near its reference value
log mee (¥ | ¢). Two consequences specialize this
to our setting. First, the reflective pairs are a minor-
ity of the buffer and have a small margin by con-
struction: y* and i~ are both valid heuristics that
differ only by the hint’s refinement, so |Ag]| is small
relative to the within-batch and valid-versus-invalid
pairs, whose rejected members are far weaker, and
the reflective signal is easily dominated. Second,
even when the reflective margin is realized it need
not raise log mg(y™ | ), the quantity that governs
how likely the unhinted policy is to generate y*
in the next iteration. Ranking y™ above y~ and
generating y* from ¢ are thus distinct objectives,
and Eq. (2) targets only the former.

The hinted—unhinted divergence. The objective
Lrsp of Eq. (13) is the forward Kullback-Leibler
divergence between the hinted policy my(- | §),
which the insight z biases toward better heuristics,
and the unhinted policy 7y (- | ¢) the search rolls
out from. It vanishes when the hint changes nothing
and grows as the hint moves the policy, so minimiz-
ing it pulls the unhinted policy toward the hinted
one and the reflective improvement carries into the
policy’s own Round-1 rollouts.

From the divergence to a likelihood. The di-
vergence averages over the open-ended space of
heuristics and has no closed form, so we estimate



it by sampling. Expanding it,
KL(ro(- | @) [| 7o (- | 0))

=Eyr,1p) [ logma(y | §)
—logma(y | q)].

(16)

Two properties of our pipeline reduce this to a sin-
gle likelihood. First, the Round-2 winner y* is a
draw from 7y(- | §), the sampling distribution of
Eq. (16), so it serves as a Monte Carlo sample at no
extra cost; because B, retains only winners whose
gap certifies a reflective gain, the resulting term is
a reward-filtered surrogate of the divergence, delib-
erately biased toward the region the hint improved.
Second, treating the hinted policy as a fixed teacher,
a stop-gradient on 7y (- | ¢) that is standard in dis-
tillation, makes log 7y (y " | ¢) a constant in 6 that
drops from the gradient. What remains is

Vo Lrsp = — Velogm(yt | q),  (17)

the gradient of the negative log-likelihood of the
reflective winner under the unhinted prompt. The
RSD term —Alog my(y™ | ¢) of Eq. (14) is there-
fore not a separate objective added to DPO but the
reward-filtered, sampled, stop-gradient realization
of the divergence in Eq. (13), evaluated on sam-
ples the search has already produced. The same
forward pass DPO uses to score y ™ already yields
logmg(y™ | q), so the term adds essentially no
compute.

Why this accumulates. A related distillation
term has been motivated by inference-time hint
independence, dropping the teacher at deploy-
ment (Zhao and Li, 2025). That reading does not
apply here, since EPOCH deploys saved heuristic
artifacts rather than the policy. Our motivation is in-
ternal to training. Every iteration draws its Round-
1 rollouts from the unhinted policy 7y(- | ¢), so
raising log mp(y™ | ¢) makes those rollouts more
likely to recover the reflective improvement un-
prompted, which in turn seeds better parents, pref-
erence pairs, and experts in subsequent iterations.
Because search and policy update interleave, an
improvement internalized in one burst propagates
through the population it generates, so the effect
accumulates over the run rather than acting only at
its end.

Implementation. We restrict RSD to B¢ be-
cause each of its pairs contains, by construction, a
valid Round-2 winner over a strictly worse valid
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Round-1 rollout, so the term distills genuine re-
flective gains rather than arbitrary accepted code.
We length-normalize log 7g(y™ | ¢) by the token
length of 4™ so the objective does not favor short
heuristics, and we keep A small. With few reflective
samples per burst, an unnormalized or large-\ term
behaves like maximum-likelihood concentration
onto a handful of accepted heuristics and can over-
sharpen the policy, eroding the output diversity that
the coverage objective depends on. Setting A = 0
recovers the plain-DPO update of Eq. (2), which
makes the contribution of RSD a single-coefficient
ablation.

E Extended Experiments

E.1 Extended Experiment Results

Table 5 extends Table 1 with the greedy-edge (Bent-
ley, 1992), nearest-insertion (Rosenkrantz et al.,
1977), and Christofides (Christofides, 1976) classi-
cal heuristics and the Qwen2.5-7B backbone; Ta-
ble 6 extends Table 2 with the Qwen2.5-7B back-
bone. Both tables also include the inference-only
baselines run with the closed-source GPT-5-nano
as the generator. On OBP, EPOCH attains a lower
average gap than each of them on both backbones
at both top-1 and top-4. On TSP, EPOCH keeps the
lower top-1 gap, and only EoH-S matches its top-
10 ensemble, with a lower gap at n € {20,200}
and a slightly higher one at n € {50, 100}. These
runs make every one of their 1,000 heuristic gen-
erations with GPT-5-nano, which EPOCH queries
only as a critic, and cost 14-29 x more per run in
API calls (Appendix H).

Table 7 reports the KP results with the Llama-
3.1-8B backbone against ReEvo and MCTS-AHD,
whose released implementations include this prob-
lem. EPOCH attains the best or a comparable top-1
gap at every size, its top-3 ensemble outperforms
the top-10 ensemble of ReEvo at every size, and
its top-10 ensemble cuts the gap by 26-47% rela-
tive to MCTS-AHD and 55-59% relative to ReEvo,
with the gains persisting OOD at n € {50, 200}.

E.2 Robustness to Seed Quality

Several LLM-based AHD methods begin their
search from a fixed seed heuristic. ReEvo and
HSEvo require one to initialize the population and
to sustain variation among candidates, since a pop-
ulation that has converged to a single objective
value cannot improve further and the search halts;
CALM and EPOCH likewise start from a provided



heuristic. To keep the comparison controlled, ev-
ery method that requires a seed is initialized from
the same heuristic, adopted from the MCTS-AHD
experimental setup. The TSP seed, shown in the
box below, is structurally detailed, scoring each
candidate node by its distance to the current node,
the mean and dispersion of its distances to the re-
maining nodes, and its distance to the destination.

Standard TSP seed heuristic

import numpy as np

def select_next_node(current_node: int,
destination_node: int,
unvisited_nodes: set,
distance_matrix: np.ndarray) -> int:
cl, c2, c3, c4 = 0.4, 0.3, 0.2, 0.1
scores = {}
for node in unvisited_nodes:
all_distances = [distance_matrix[node][i]
for i in unvisited_nodes
if i != node]
average_distance = np.mean(all_distances)
std_dev_distance = np.std(all_distances)
score = (
¢l * distance_matrix[current_node][node]
- c2 * average_distance
+ ¢3 * std_dev_distance
- c4 * distance_matrix[destination_node][node]
)
scores[node] = score
return min(scores, key=scores.get)

The OBP seed, shown in the box below, is a
single priority rule shared by every seed-requiring
method; it is structurally detailed yet weak, scoring
below the First-Fit and Best-Fit rules of Table 6.
It returns a priority score per open bin, and the
framework places the item in the highest-scoring
bin.

OBP seed heuristic

import numpy as np

def step(item_size: float,
remaining_capacity: np.ndarray) -> np.ndarray:
max_bin_cap = max(remaining_capacity)
score = ((remaining_capacity - max_bin_cap) *x 2
/ item_size
+ remaining_capacity ** 2 / item_size *x 2
+ remaining_capacity ** 2 / item_size ** 3)
over = remaining_capacity > item_size
score[over] = -scorel[over]
score[1:] -= score[:-1]
return score

The KP seed, shown in the box below, packs the
first remaining item that fits; it is the First-Fit row
of Table 7.

KP seed heuristic

import numpy as np

def select_next_item(remaining_capacity: float,
weights: np.ndarray,
values: np.ndarray) -> int:
fits = np.flatnonzero(weights <= remaining_capacity)
return int(fits[0])
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A capable seed narrows the margin a method
must close and can reward a search that exploits
the seed over one that improves the generator. To
test whether the advantage of EPOCH persists from
a weaker starting point, we re-run the two methods
that fine-tune the generator, CALM and EPOCH,
from the substantially weaker TSP seed shown in
the box below, which assigns every unvisited node
the same constant score and therefore selects the
next node without any problem-specific preference.
All other settings match the TSP protocol of Sec-
tion 4.

Weak TSP seed heuristic (robustness study)

import numpy as np

def select_next_node(current_node: int,
destination_node: int,
unvisited_nodes: set,
distance_matrix: np.ndarray) -> int:
scores = {node: 1 for node in unvisited_nodes}
return min(scores, key=scores.get)

As reported in Table 8, from the weak seed
CALM degrades sharply on both backbones, and
its top-10 gap at the training size n=>50 rises to
14.51% on Llama and 16.10% on Qwen, against
9.31 and 9.59% from the standard seed in Table 5.
EPOCH instead stays close to its standard-seed per-
formance, with a top-10 gap of 6.71 and 6.76% at
n=>50 against 5.73 and 5.71% in Table 5, and it at-
tains the lowest gap on every size, metric, and back-
bone. Its top-3 ensemble from the weak seed still
outperforms the full top-10 ensemble of CALM
throughout. Because the per-instance gap-vector
objective steers selection, operator allocation, re-
covery, and the deployed ensemble toward cov-
erage rather than the fitness of a single heuristic,
EPOCH recovers a strong complementary set even
from an uninformative seed, where a fitness-only
method does not.

E.3 Search Dynamics & Evolutionary Curves

To assess search efficiency and stability, Figure 4
plots the best-so-far cost on Dy, against the num-
ber of heuristic evaluations, from the same weak
seed and averaged over at least five runs of each
method. EPOCH converges faster and to a lower
cost than the LLM-based AHD baselines on both
backbones, and its top-10 ensemble curve stays be-
low every single-heuristic method across the entire
budget, with low deviation across runs. This is the
intended effect of optimizing per-instance coverage
rather than the fitness of a single heuristic.



Method TSP-20 TSP-50 TSP-100 TSP-200
Classical heuristics

Nearest Neighbor 17.64 21.96 24.58 26.10
Greedy Edge 11.96 17.41 18.69 17.89
Nearest Insertion 13.14 19.38 21.55 23.69
Christofides 8.82 11.17 11.95 12.41
LLM-based AHD: GPT-40-mini (closed-source)
Top-1 10.55 £3.58 13.89 +4.48 15.43 £4.77 16.64 £5.00
ReEvo Top-3 9.18 £2.55 12.12 +2.66 13.66 £3.29 17.01 +4.28
Top-10 8.49 +£2.52 10.92 +2.29 12.48 +2.70 14.29 +2.98
Top-1 12.58 +4.18 16.37 +4.62 18.56 +4.94 20.86 £5.30
HSEvo Top-3 11.38 +5.16 15.12 +5.64 17.39 +5.91 20.14 £5.98
Top-10 10.59 +5.81 14.28 +6.32 16.66 +6.50 19.65 +6.48
Top-1 7.28 £0.71 10.77 +0.71 12.82 +0.67 14.75£1.03
MCTS-AHD Top-3 6.25 £1.07 9.50 +1.08 11.77 £1.14 14.00 +1.18
Top-10 4.54 £1.20 7.94 £1.17 10.49 £1.25 12.85+1.41
Top-1 8.56 +0.91 11.69 +0.71 13.80 +0.91 15.05 £0.98
EoH-S Top-3 5.05 £0.43 9.14 £0.61 11.80 +0.83 13.75 +0.85
Top-10 3.22 +0.41 7.30 +0.38 10.06 +0.38 12.39 +0.42
LLM-based AHD: GPT-5-nano (closed-source)
Top-1 12.32 +5.16 16.11 £5.41 18.10 +5.87 19.84 £6.08
ReEvo Top-3 12.32 £5.16 16.11 £5.41 18.10 £5.87 19.84 +6.08
Top-10 12.32 +£5.16 16.11 +5.41 18.10 £5.87 19.84 +6.08
Top-1 8.44 £1.05 11.90 £1.20 13.54 £1.07 14.73 £1.17
HSEvo Top-3 8.21 +1.08 11.64 £1.18 13.22 £1.09 14.39 £1.22
Top-10 8.10+1.13 11.48 £1.24 13.05 £1.17 14.24 +1.30
Top-1 7.23 £0.39 10.24 +0.38 12.13 +0.49 13.77 £1.02
MCTS-AHD Top-3 5.64 +1.22 8.67 +£0.84 10.66 +0.85 12.51 £1.07
Top-10 3.78 £0.30 7.11+0.34 9.32 +0.58 11.64 +0.88
Top-1 6.47 £0.71 10.04 +0.37 12.04 +0.48 13.94 +0.86
EoH-S Top-3 4.13 +0.21 7.69 +0.35 10.07 +0.56 12.25 +0.81
Top-10 248 +0.15 5.78 +0.22 8.23 £0.33 10.46 +0.33
LLM-based AHD: Qwen2.5-7B
Top-1 7.83 £2.07 11.10 £2.02 12.99 +2.10 14.43 +2.40
ReEvo Top-3 7.25+1.55 10.48 £1.59 12.32 +1.64 13.81 £2.06
Top-10 7.23 +£1.58 10.47 £1.60 12.30 £1.66 13.78 £2.11
Top-1 12.27 +3.27 16.41 £3.78 19.17 £3.78 22.50 £3.60
HSEvo Top-3 12.12 £3.50 16.30 £3.92 19.08 +3.88 22.50 £3.60
Top-10 11.16 £3.00 15.42 +£3.58 18.22 +£3.55 21.53 £3.14
Top-1 8.42 +0.66 12.00 +0.16 14.25 +0.49 15.93 +0.89
MCTS-AHD Top-3 7.83 £0.58 11.34 +£0.54 13.63 +£0.92 15.19 +1.32
Top-10 6.04 £1.40 9.75 +£1.32 12.18 £1.29 14.07 £1.31
Top-1 8.64 +£1.03 12.25 +1.26 14.44 +1.84 16.73 £2.50
EoH-S Top-3 5.43+1.14 9.12 +1.05 11.76 £1.45 14.43 £2.37
Top-10 3.46 +0.66 7.08 +0.76 9.97 +1.01 12.69 £1.34
Top-1 6.75 +0.08 9.99 +0.22 11.96 +0.20 13.96 +0.20
CALM Top-3 6.70 £0.14 9.92 +0.23 11.90 +0.21 13.91 +0.27
Top-10 6.30 +0.50 9.59 +0.55 11.59 +0.42 13.77 +0.34
EPOCH Top-1 6.42 +£0.08 9.81+0.22 11.70 £0.46 13.67 £0.91
(Ours) Top-3 4.39 40.20 7.62 £0.44 10.06 £0.45 12.25 +0.50
Top-10 291 +0.14 5.71 +0.31 8.22 +0.37 10.93 +0.47
LLM-based AHD: Llama-3.1-8B
Top-1 10.58 +0.58 14.87 +1.36 18.38 +2.10 26.06 +12.93
ReEvo Top-3 10.28 +£0.59 14.15+2.15 16.19 £1.65 19.05 £1.37
Top-10 10.25 +0.62 14.10 +2.24 15.96 +2.01 18.69 £1.54
Top-1 11.46 +1.69 15.85 +£2.63 18.48 +4.51 21.34+£7.00
HSEvo Top-3 10.61 +1.28 14.83 £1.76 17.27 +2.82 19.47 £3.89
Top-10 10.29 +1.54 14.45 +2.10 16.80 +3.24 18.99 +4.31
Top-1 10.27 +0.37 14.23 +0.65 16.39 +1.48 17.87 £1.45
MCTS-AHD Top-3 9.76 +0.40 13.40 +0.39 15.40 +0.81 16.92 £1.04
Top-10 7.58 +£0.63 11.73 +0.61 13.77 +£0.91 15.51+1.15
Top-1 10.69 +0.93 15.43 +1.58 17.86 +1.38 20.04 +1.46
EoH-S Top-3 6.05 +0.72 11.68 +1.06 14.59 +0.93 17.31 +1.05
Top-10 4.70 +0.81 10.46 +1.02 13.60 +0.96 16.45 £1.07
Top-1 6.76 +£0.26 10.02 +0.26 11.75 +0.27 13.47 +0.31
CALM Top-3 6.55 +£0.23 9.68 £0.55 11.34 +0.51 13.33 +£0.47
Top-10 6.19 +£0.54 9.31 +0.80 11.04 +0.67 13.30 +0.91
EPOCH Top-1 6.19 £0.30 9.61 +£0.25 11.63 £0.21 13.57 +0.36
(Ours) Top-3 4.31 £0.30 7.62 +0.23 9.85+0.36 11.98 £0.49
Top-10 2.81 +0.22 5.73 +£0.15 8.15+0.19 10.74 +0.38

Table 5: Complete version of Table 1. TSP optimality gap (%) to LKH-3 optima; each cell is the mean over runs
with standard deviation, lower is better. Size n=50 is ID (underlined); n € {20, 100, 200} are OOD. Within each
backbone block the best method per metric and test set is shaded ; each test set’s overall best result is shown in
bold.
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Method 1k_100 1k_500 5k_100 5k_500 10k_100 10k_500 Avg.
Classical heuristics
First-Fit 5.02 0.25 4.65 0.55 4.36 0.50 2.55
Best-Fit 477 0.25 431 0.55 4.05 0.47 2.40
LLM-based AHD: GPT-40-mini (closed-source)
Top-1 3744094  0.40=+030  3.09+1.12  0.69+0.30  284+1.11  0.53+0.12 1.88 +0.46
ReEvo Top-4 3.61 £1.01 0.40 £0.30 2.98 +1.21 0.56 +0.13 2.74 £1.22 0.44 +0.03 1.79 +0.53
Top-1 2.85+1.00  0.40+0.30  2.19+1.15  0.56+0.02  2.01+1.15  0.50+0.04 1.42 +0.52
HSEvo Top-4 2.82 +1.01 0.20 +0.10 2.17 +1.17 0.47 +0.12 2.01 £1.15 0.42 +0.10 1.35 +0.56
MCTS-AHD Top-1 2.59+0.45  0.15+0.12 1.88+0.47  0.42+0.17 1.71+0.41  0.38 +0.12 1.19 +0.27
Top-4 2.48 +£0.51 0.10 +0.12 1.79 £0.53 0.36 +£0.17 1.61 £0.48 0.33 +£0.13 1.11+0.31
Top-1  2.62+0.33  0.25+0.16 1.74 +0.73  0.42+0.15 1.46+0.83  0.35+0.13 1.14 +0.33
Eol-5 Top-4  2.40+038  0.15+0.12 1414056  0.24 +0.16 1.08 £0.58  0.18 +0.15 0.91 +0.30
LLM-based AHD: GPT-5-nano (closed-source)
Top-1 3.58+1.24  0.50+0.25 2914132  0.62+0.07  2.73+1.37  (0.54+0.06 1.81 +0.72
ReEvo Top-4 3.58 +1.24 0.37 +£0.13 2.90 +1.31 0.57 +£0.02 2.72+1.35 0.47 +0.00 1.77 +0.68
Top-1 4.56+0.15  0.25+0.00  4.04+022  0.55+0.00 3.89+0.13  0.47 £0.01 2.29 +0.08
HSEvo Top-4 4.56 £0.15 0.25 40.00 4.04 +0.22 0.55 +0.00 3.88 £0.13 0.47 +0.01 2.29 4+0.08
MCTS-AHD Top-1  3.78+1.15  0.25£0.00  3.06+1.44  0.55+0.00  2.81+1.46  0.48+0.02 1.82 +0.67
Top-4  3.73+119  0.20+0.10  3.04+1.43  0.48+0.09 2794145  0.43+0.08 1.78 +£0.71
Top-1  3.22+083 (.53 +0.81 1.84+0.83 (.48 +0.18 1.53+0.86 .41 +0.09 1.33 +0.51
Eol-5 Top-4  2.84+085  0.28+0.50 1.39+0.70  0.36+0.17  0.94+0.70  0.31 £0.16 1.02 +0.42
LLM-based AHD: Qwen2.5-7B
Top-1 4.53+0.68  0.25+000  329+1.29 0494012  3.00+1.37  0.44+0.13 2.00£0.55
ReEvo Top-4 4.47 +0.65 0.20 +0.10 3.25+1.26 0.48 +£0.12 2.98 £1.35 0.41 +0.12 1.97 +0.52
Top-1 472 +0.10  0.25+0.00  424+0.10  0.5540.00 4.02+0.05  0.47 £0.00 2.38 £0.04
HSEvo Top-4 4.71 +0.12 0.25 +0.00 4.24 +0.10 0.55 +0.00 4.02 +0.06 0.47 +0.00 2.37 £0.05
MCTS-AHD Top-1  4.71+0.14  0.25+0.00 4.13+0.21  (0.55+0.00 3954022  0.47+0.00 | 2.340.09
Top-4  4.64+0.08  0.25+0.00 4.12+0.21  0.55+0.00  3.934021  0.47+0.00 2.33 £0.08
Top-1  3.70+1.10  0.49+0.29  2.89+1.21  0.52+0.12  2.71+1.21  0.44+0.12 1.79 +0.57
Eol-5 Top-4  3.37+110 0.25+025  231+1.35 0394012  2.04+143  0.39+0.12 1.46 £0.64
Top-1 4.17+054  035+012  2.89+1.18 0454015  2.55+1.33  0.35+0.15 1.79 +0.51
CALM Top-4  4.09+055  0.30+0.10 2824128 0454015  250+1.41  (0.35+0.16 1.75+0.56
EPOCH (Ours) Top-1 391+0.66  (0.25+0.22 1.54+0.46 (.17 £0.09 1.27+0.66  0.19+0.14 1.22 +0.20
Top-4  3.19+0.10  0.15+020  0.79+0.03  0.17+0.09  0.30+0.02  0.15+0.07 | 0.79+0.05
LLM-based AHD: Llama-3.1-8B
Top-1  4.34+070  0.25+0.00 3274125 041+017 3.04+1.36  (0.36+0.16 1.95 +0.60
Rekvo Top-4  4.10+087  0.20+0.10  323+1.24  0.41+017 298+1.34  0.35+0.16 1.88 +0.64
Top-1  3.39+093  0.25+0.00 2424126  042+018  2.11+1.33  (0.36+0.15 1.49 +0.58
HSEvo Top-4  3.36+097  0.25+0.00 242+126  040+0.16  2.10+£1.33  (0.36+0.15 1.48 +£0.59
MCTS-AHD Top-1  4.14+089  0.17+0.12  354+1.09 046+012  3.30+1.07  0.40=£0.11 2.00 +0.57
Top-4  4.11+094  0.17+0.12  354+1.09 046+012  3.30+1.07  0.40+£0.11 1.99 +0.57
Top-1 392+0.78 0214009  2.89+087  0.51+0.07  259+1.00 0.45=+0.05 1.76 +0.38
FoH-5 Top-4  3.56+0.73  0.08+0.12 1464057  0.16+0.09  1.14+0.69  0.14+0.10 1.09 £0.27
CALM Top-1 3.71+0.52  0.59 +0.82 1.32+0.40  0.30+0.14  (0.82+0.41  0.27 +0.14 1.17 +0.22
Top-4  3.69+051  0.59+0.82 1.29+043  0.2940.15  0.80+0.43  0.26£0.13 1.15+0.23
EPOCH (Ours) Top-1 299+0.70 0304036  1.66+0.90  0.32+0.21 1.33+0.97  0.28+0.24 1.15+0.39
Top-4  234+043  0.10+0.12  0.74+0.06  0.20+0.07  0.36+0.06  0.13+0.04 | 0.64+0.07

Table 6: Complete version of Table 2. OBP optimality gap (%) to the L; lower bound on the six held-out Weibull
test sets; each cell is the mean over runs with standard deviation, lower is better. Columns are (items, capacity), e.g.
1k_100 is 1,000 items at capacity 100; Avg. is the mean over the six. Item scales 1k, 5k are ID (underlined); 10k is
OOD. Within each backbone block the best Avg. per metric is shaded ; each test set’s overall best result is shown
in bold.
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Method KP-50 KP-100 KP-200
Classical heuristics

First-Fit (seed) 32.856 34.836 53.153
LLM-based AHD: Llama-3.1-8B
Top-1 0.224 +0.031 0.099 +0.016 0.107 +0.025
ReEvo Top-3 0.198 +0.018 0.081 +0.006 0.089 +0.023
Top-10 0.170 +0.022 0.066 +0.005 0.071 +0.018
Top-1 0.202 +0.013 0.090 +0.009 0.077 +0.010
MCTS-AHD Top-3 0.187 +0.021 0.080 +0.016 0.063 +0.017
Top-10 0.131 +0.038 0.054 £0.012 0.039 +0.006
Top-1 0.188 +0.008 0.089 +0.006 0.078 +0.010
Fgu?s?H Top-3 0.123 +0.027 0.057 +0.007 0.059 +0.015
Top-10 0.070 +0.018 0.030 +0.005 0.029 +0.006

Table 7: KP optimality gap (%) to the optimum with the Llama-3.1-8B backbone; each cell is the mean over runs
with standard deviation, lower is better. Size n=100 is ID (underlined); n € {50,200} are OOD. The best method
per metric and test set is shaded ; each test set’s overall best result is shown in bold.

Method TSP-20 TSP-50 TSP-100 TSP-200
LLM-based AHD: Qwen2.5-7B

Top-1 12.08 +3.56 16.70 £3.89 19.38 +4.21 21.39 +3.56

CALM Top-3 12.08 £3.57 16.65 £3.89 19.32 £4.21 21.21 £3.56

Top-10 11.49 +3.56 16.10 £3.72 18.60 +3.93 20.48 +3.23

Top-1 7.97 £2.39 10.85 £1.45 12.82 +1.30 14.64 +1.28

%)u(r)SH Top-3 5.55+2.01 8.61 £1.59 11.08 £1.71 13.22 +1.53

’ Top-10 3.88 £1.60 6.76 £1.27 9.23 £1.35 11.59 +1.39
LLM-based AHD: Llama-3.1-8B

Top-1 11.30 £1.49 15.89 +2.65 17.81 +3.03 19.46 +3.12

CALM Top-3 10.93 +1.66 15.41 +2.82 17.38 £3.18 19.05 +3.25

Top-10 9.91 +1.31 14.51 +2.63 16.40 £3.10 18.01 £3.15

EPOCH Top-1 7.97 £1.44 11.42 £1.40 13.11 £1.17 14.86 £1.00

(Ours) Top-3 5.3140.85 8.82 £1.06 11.24 +1.20 13.53 £1.07

Top-10 3.33 +0.51 6.71 +0.62 9.12 +0.69 11.59 +0.73

Table 8: TSP optimality gap (%) to LKH-3 optima when the two methods that fine-tune the generator start from the
weak seed; each cell is the mean over runs with standard deviation, lower is better. Size n=>50 is ID (underlined);
n € {20, 100,200} are OOD. Within each backbone block the best method per metric and test set is shaded ; each
test set’s overall best result is shown in bold.
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Figure 4: Evolution curves on TSP from the weak seed for (a) Llama-3.1-8B and (b) Qwen2.5-7B. Each curve is the
mean over runs with its standard deviation as the shaded band; EPOCH is drawn as its top-1, top-3, and top-10
ensembles.
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E.4 Generalization to Real-World TSPLIB
Instances

The experiments of Section 4 train and test on ran-
dom uniform instances. To test whether the dis-
covered heuristics transfer to real, structured in-
stances of varied size and scale, we evaluate on
TSPLIB (Reinelt, 1991), using its 15 instances
with fewer than 500 nodes. Coordinates are
scaled to [0,1]? to match the training distribu-
tion, each tour is built from three start nodes
and averaged, and the gap is taken against the
known optimum. For every method we deploy
the top-10 ensemble of its single best run, se-
lected by the lowest mean top-10 gap over the
four uniform test sizes. We compare against the
manually designed greedy, nearest-insertion, and
nearest-neighbor heuristics (Rosenkrantz et al.,
1977) and the genetic-programming hyper-heuristic
GPHH (Duflo et al., 2019).

As reported in Table 9, EPOCH attains the low-
est average optimality gap and the best result on
the majority of the TSPLIB instances.

F Significance Testing and Uncertainty
Quantification

We test whether the advantage of EPOCH in Ta-
bles 5 and 6 is statistically reliable along the two
axes that matter for an LLM-driven search: the ran-
domness of an entire run (LLM sampling and the
stochastic search trajectory), and the spread of dif-
ficulty across test instances. The first is addressed
by a significance test across runs, the second by a
paired comparison across instances. Every method
is run at least five times.

F.1 Statistical Significance Across Runs

We treat each independent run of a method as one
observation, summarized by the mean optimality
gap of its deployed ensemble on a test set: the top-
10 ensemble for TSP and the top-4 ensemble for
OBP. For each test set we test whether EPOCH
reaches a lower mean gap than a given baseline
with a one-sided two-sample ¢-test in the Welch
form, which does not assume the two methods
share a variance (Welch, 1947). The per-size p-
values for TSP on both backbones are in Table 10;
those for OBP, where the test is run on the gap
averaged over the six Weibull sets as each set holds
only a few instances, are in Table 11. A p-value
below 0.05 indicates that the lower mean gap of
EPOCH is unlikely to be an artifact of run-to-run
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noise. EPOCH attains a significantly lower mean
gap than the baselines in nearly all settings.

F.2 Cross-Instance Uncertainty Quantification

The run-level test takes a run as its unit; we now
ask whether the advantage holds across the indi-
vidual test instances, that is, whether it is distri-
butional rather than carried by a few easy cases.
We restrict this analysis to TSP and KP, whose
test sets contain 300 and 1,000 instances each; the
OBP sets are too small for a per-instance compari-
son. For each method we average its per-instance
optimality gap over runs to obtain one gap per in-
stance for the deployed top-10 ensemble, and com-
pare EPOCH against each baseline on the same
instances. The paired per-instance gap differences
are tested with the two-sided Wilcoxon signed-rank
test (Wilcoxon, 1945), reported in Tables 12 and 13
together with the number of instances on which
EPOCH wins, ties, or loses against the baseline (a
tie is a gap difference within 10~?). EPOCH wins
the large majority of instances at every size and on
both backbones on TSP, and on KP it wins several
times more instances than it loses at every size,
where most ties are instances both ensembles solve
optimally; the test is significant throughout, so the
gains in Tables 5 and 7 reflect a population-wide
advantage rather than a few outliers.

G Extended Ablations

Each ablation removes exactly one component and
replaces it with a simpler, untuned alternative, hold-
ing every other component and all hyperparameters
at their full-method values. The full-method and
w/o RSD rows reuse the main EPOCH runs (the
latter is the A=0 setting), so all rows are directly
comparable. Ablations use the Llama-3.1-8B back-
bone on TSP and OBP, the full training budget, and
five runs per variant scored on 100 instances per
test set. Each row’s removed component and its
replacement are listed in Table 14; the hyperparam-
eter ablation of Section 4.2 is in Table 15.

G.1 Hyperparameter Ablation

With the components fixed at the full method, we
vary one hyperparameter at a time and report in
Table 15 the same averaged ensemble gaps as the
component study. The RSD weight A improves
performance across a broad range of small values
rather than at a single point, and the default A=0.1
is best or tied on both problems; distilling only



Manual & GP heuristics

LLM-based AHD

Instance  Greedy Near-ins. Near-grr GPHH ReEvo HSEvo MCTS-AHD EoH-S CALM EPOCH
ts225 5.38 19.93 16.82 7.71 7.36 6.18 3.56 3.69 5.78 5.68
rat99 22.30 21.05 21.79 14.09 1739 17.72 16.88 18.50  14.05 9.87
bier127 19.50 23.05 23.25 15.64 2094 17.26 17.53 11.24  12.18 6.33
1lin318 18.75 24.44 25.78 1430 1547 16.21 14.48 14.48 12.73 11.97
eil51 13.03 16.14 31.96 10.20 6.65 8.42 7.26 7.56 7.53 6.83
d493 16.68 20.39 24.00 15.58 17.81 14.37 15.33 1554 1296 11.37
kroB100  16.59 21.53 26.26 14.06 1688 1252 12.51 1420  12.40 10.38
kroC100  12.94 24.25 25.76 1622 16.14 1555 15.75 13.82  15.05 10.97
ch130 28.40 19.21 25.66 1477 1350  12.52 11.52 12.58 10.47 8.09
pr299 31.42 25.05 3142 1824  20.68  20.95 19.55 19.66  17.17 18.07
1417 12.64 25.52 3242 22.72  15.01 18.90 16.25 1892  21.92 13.67
kroA150  20.24 19.09 26.08 15.59  15.33 19.87 15.12 16.19  12.75 9.10
pr264 11.89 34.28 17.87 2396  30.03 14.37 15.35 12.78 19.67 15.87
pr226 21.44 28.02 24.65 15.51  13.41 11.15 16.55 1244 19.89 16.55
pr439 20.08 24.67 27.36 2136  27.07 23.80 18.91 19.53 17.01 13.01
Average 18.09 23.11 25.41 16.00 1691 15.32 14.44 14.08 14.11 11.18

Table 9: Generalization to real-world TSPLIB instances (Reinelt, 1991), reported as the per-instance optimality
gap (%) to the known optimum, lower is better. The LLM-based methods use the Llama-3.1-8B backbone, and
the manual and GP reference columns are single heuristics taken from Duflo et al. (2019). Per instance, the best
LLM-based method is shaded and the overall best is in bold.

Qwen2.5-7B Llama-3.1-8B
Method TSP-20 TSP-50 TSP-100 TSP-200 TSP-20 TSP-50 TSP-100 TSP-200
ReEvo 0.003 0.002 0.003 0.026 2.7x10~¢ 8.5x10”%* 7.1x10"% 1.8x107%
HSEvo 0.003 0.003 0.002 0.020 2.9x10"% 5.6x10"% 0.003 0.009
MCTS-AHD 0.005 0.001 0.001 0.003 2.4x107°% 1.2x107%° 9.5x107° 3.7x107%
EoH-S 0.060 0.004 0.005 0.016 0.001 6.2x107° 1.9%x107° 1.4x107°
CALM 4.0x10~° 6.2x107°% 1.3x107% 1.8x107°% 4.2x107° 3.7x10"%* 3.3x10"% 0.002

Table 10: Across-run significance on TSP. One-sided Welch ¢-test p-values for the EPOCH top-10 ensemble gap
against each baseline, per test size and backbone; p < 0.05 is shown in bold.

Method Qwen2.5-7B Llama-3.1-8B
ReEvo 0.005 0.009
HSEvo 1.9x10~ 1 0.023
EoH-S 0.033 0.007
CALM 0.013 0.005

Table 11: Across-run significance on OBP. One-sided
Welch t-test p-values for the EPOCH top-4 ensemble
gap, averaged over the six Weibull test sets, against the
baselines; p < 0.05 is shown in bold.

the certified cross-round winners outperforms dis-
tilling all pairs. The coverage-pressure blend p,
which sets pexp = Pcomp = P, is best at the de-
fault 0.5, since pure exploitation at p=0 removes
expert-aware selection and pure coverage at p=1
over-explores. The preference-burst period Ty,
is best at its default of 20 iterations; both shorter
and longer periods are worse, and the longer period
markedly destabilizes OBP.

G.2 Teacher LLM Ablation

The teacher is a critic rather than a generator: it
reads two heuristics with their gaps and explains
their difference in a few sentences. We fill this role
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with a reasoning model that reads code, as is now
common for critic roles, and take it from a different
model family than the generator, so that the critique
is an independent view of the candidates rather than
the generator’s own. GPT-5-nano is a small model
of this kind, which keeps a run’s critiques at $0.08
(Table 18). To test whether the gains of EPOCH
depend on the teacher model, we also run EPOCH
with GPT-40-mini and with the generator’s own
backbone as the teacher; in the latter, the frozen
pretrained backbone writes the critique, so the run
uses no external model. The teacher prompts of
Appendix I are unchanged. Tables 16 and 17 report
the results under the protocol of Section 4; the
EPOCH rows with GPT-5-nano and the EoH-S
and CALM rows, the strongest baselines on these
backbones at the ensemble level, are taken from
Tables 5 and 6.

The teacher model has little effect on the ensem-
ble. Across the three teachers, the top-10 TSP gap
changes by less than 0.4 points at every size and the
top-4 OBP average by less than 0.2 points, and ev-
ery teacher keeps EPOCH’s top-10 TSP ensemble
and top-4 OBP average ahead of all baselines on



Qwen2.5-7B Llama-3.1-8B
Method n Wilcoxon p Win Tie Loss Wilcoxon p Win Tie Loss
20 1.8x10~ %7 278 0 22 7.9%x10~°0 292 0 3
ReEvo 50 3.9%x107°%0 289 0 11 6.1x107°1 300 0 0
100 9.3x107 %1 296 0 4 6.1x107°1 300 0 0
200 1.9%107°° 289 0 11 6.1x107°t 300 0 0
20 3.7x10°°Y 295 0 5 2.3x10~°° 292 0 3
[ 50 6.1x107°1 300 0 0 6.1x107°1 300 0 0
100 6.1x107°% 300 0 0 6.1x107°% 300 0 0
200 6.1x10°t 300 0 0 6.1x10°t 300 0 0
20 1.4x10~ %2 269 10 21 5.1x10~ % 275 0 25
MCTS.AHD 50 1.9x107*% 286 0 14 7.1x107°" 298 0 2
100 7.9%x107°%t 298 0 2 6.3x10 %t 298 0 2
200 7.7x107 51 295 0 5 6.1x107°1 300 0 0
20 3.1x10~ 196 10 94 3.0x10~ 2% 223 7 70
EoH.S 50 3.8x10722 246 0 54 5.2x107°¢ 289 0 11
100 3.9%x10746 279 0 21 9.5%x107°1 297 0 3
200 1.8x10748 283 0 17 7.1x107°1 298 0 2
20 2.5%x10~ 1 272 25 3 7.6x10~%° 277 17 6
CALM 50 8.0x107°1 295 0 5 1.1x107°° 296 1 3
100 7.1x107°1 298 0 2 1.4x107°° 294 0 6
200 1.4x107°° 294 0 6 7.3x107°t 296 0 4

Table 12: Cross-instance uncertainty quantification on TSP for the deployed top-10 ensemble. Each entry is the
Wilcoxon signed-rank p-value on the paired per-instance gap differences, with the Win/Tie/Loss counts of EPOCH

against the baseline.

Method n Wilcoxonp  Win  Tie  Loss
50  2.3x107™° 522 440 38

ReEvo 100 1.8x107'2Y 657 273 70
200 4.4x1071 825 66 109
50 2.9x1077" 453 493 54

MCTS-AHD 100 3.6x10°7® 544 367 89
200 1.8x107%¢ 515 309 176

Table 13: Cross-instance uncertainty quantification on
KP for the deployed top-10 ensemble with the Llama-
3.1-8B backbone. Each entry is the Wilcoxon signed-
rank p-value on the paired per-instance gap differences
over the 1,000 instances per size, with the Win/Tie/Loss
counts of EPOCH against the baseline.

the same backbone in Tables 5 and 6. With its own
backbone as the teacher, EPOCH uses no model
beyond its generator. Its top-10 gap at n=>50 is still
36-37% below CALM and 15-43% below EoH-
S, and its top-4 OBP average is 31-45% below
CALM and 28-34% below EoH-S. GPT-5-nano
gives the lowest ensemble gap in most settings, by
a small margin. At top-1, where a single heuristic
represents the run, the teachers differ more, and all
three remain comparable to CALM while staying
below every inference-only baseline on the same
backbone, at each TSP size and in the OBP aver-
age. An independent teacher is therefore a design
default rather than a dependency: the gains per-
sist when the generator’s own backbone writes the
critique.

With GPT-40-mini as the teacher, EPOCH on
Llama-3.1-8B still outperforms the inference-only
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baselines run with GPT-40-mini (Tables 5 and 6):
on TSP at every metric and test size, with its top-
10 ensemble 11-19% below EoH-S and its top-1
heuristic 5-7% below MCTS-AHD, and on OBP
with a top-4 average 20% below EoH-S and a top-1
average 7% below. The same closed-source model
serves EPOCH only as a critic, at 7-13x lower
API cost per run (Table 18). With its own back-
bone as the teacher, EPOCH uses no external model
and still outperforms the inference-only baselines
run with GPT-40-mini on TSP at every metric and
test size on both backbones, with its top-10 en-
semble 9-19% below EoH-S and its top-1 heuris-
tic 7-12% below MCTS-AHD, and on OBP with
Llama-3.1-8B at top-4, 13% below EoH-S. Against
the inference-only baselines run with GPT-5-nano
(Table 6), every teacher keeps EPOCH’s top-4 OBP
average lower on both backbones, and its top-1 av-
erage lower on Llama-3.1-8B.

H Implementation Details and
Hyperparameters

Backbones and training. We use
Qwen2.5-7B-Instruct (Qwen Team, 2024)
and Meta-Llama-3.1-8B-Instruct (Grattafiori
et al., 2024) as policy backbones, loaded in
4-bit and fine-tuned with LoRA (rank 32) (Hu
et al., 2022); the DPO reference policy is the
LoRA-disabled pass of the current model. The
teacher is an external LLM (GPT-5-nano in our
main runs; Appendix G.2 compares other teachers)



Ablation Removed

Replacement

Reflective learning

w/o RSD the RSD distillation term

w/o cross-round pairs

valid Round-1 heuristic

w/o instance-grounded in-

sight teacher prompt

w/o teacher reflection the insight channel

w/o preference optimiza- all DPO bursts

tion

the certified cross-round matching, a valid
hinted Round-2 winner over a strictly worse

the gap-vector instance-split sentence in the

plain DPO on the same pairs (A=0)

each valid Round-2 heuristic paired with a
randomly chosen valid Round-1 heuristic,
reward-ordered (A=0)

a generic critique from code and scalar gaps
only

Round 2 regenerates unhinted (A=0)

a frozen generator, search and reflection only

Coverage-aware search

w/o expert-aware selec-

tion second parent

w/o adaptive operator allo-
cation

the operator bandit

coverage-blind bandit

w/o coverage-stagnation
signal

w/o expert-preserving re-
covery

expert-count ranking and the complementary

the expert-coverage term of the bandit reward

the coverage-stagnation criterion and soft cap

the expert-preserving survivor rule

parents ranked by average gap only

every eligible operator drawn with equal
probability

a bandit rewarded by the parent-improvement
and validity terms only

a fixed reset every 20 iterations

reset to the single best heuristic by average
gap

Gap-vector representation

scalar fitness (no gap vec-
tor)

every read of the per-instance gap vector

the scalar average gap throughout selection,
the bandit reward, stall detection, rebuild, and
archiving

Table 14: Component ablations: what each row removes and the simpler alternative that replaces it, grouped as in

Table 3.
TSP OBP
RSD weight \
A=0 (no RSD) 7.17 £0.27 0.79 £0.06
A=0.1 % 6.79 £0.19 0.64 +0.07
A=0.15 6.84 +0.35 0.73 +0.12
A=0.2 6.96 +0.09 0.76 +0.09
RSD scope
cross-round only % 6.79 +0.19 0.64 +0.07
all pairs 7.05 £0.05 0.73 £0.12
Coverage pressure p
p=0 (no expert selection) 6.93 +0.15 0.81 +0.09
p=0.5 % 6.79 +0.19 0.64 +0.07
p=1 6.88 +0.18 0.78 £0.05
Preference-burst period Tqpe
Tapo=10 7.05 £0.45 0.69 +0.11
Tapo=20 % 6.79 £0.19 0.64 +0.07
Tapo=40 6.99 +0.14 1.00 +0.52

Table 15: Hyperparameter ablation on the Llama-3.1-
8B backbone, reported as the ensemble optimality gap
(%), lower is better; x marks the full-method default.

queried once per iteration. EPOCH runs 125
iterations with 4+4 generations per iteration
(Round 1 + Round 2), a budget of 1,000 heuristic
generations, sampling at temperature 0.8 and
top-p 0.95. A preference-optimization burst runs
every Tqp,=20 iterations, optimizing the DPO
loss of Eq. (2) with 5=0.1 and learning rate
5 x 107%. The RSD term of Eq. (14) is applied
to the cross-round pairs with weight A=0.1 and
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length normalization; A=0 reduces the burst to
plain DPO and isolates the contribution of RSD as
a single-coefficient ablation.

Computational cost. Every method consumes
the same budget of 1,000 heuristic generations, and
the teacher LLM adds only a single GPT-5-nano
call per iteration, at most 125 per run. The gener-
ations within each phase are independent rollouts
and are sampled in parallel, in contrast to the se-
quential tree expansion of MCTS-AHD. All runs
used a workstation with two NVIDIA RTX 6000
Ada GPUs (48 GB each).

Auxiliary LLM calls and API cost. An aux-
iliary LLM call returns text that is not itself a
candidate heuristic, such as a reflection on eval-
uated heuristics or a description of a generated
one; the teacher critique of EPOCH is one. Aux-
iliary calls are not counted in the budget of 1,000
heuristic generations. For a fair comparison, where
an open-backbone baseline makes auxiliary calls,
they are served by GPT-5-nano, the teacher model
of EPOCH. Table 18 reports the API cost per
run at list prices. The only API calls of EPOCH
are the teacher’s, which cost $0.08 per run with



Method TSP-20 TSP-50 TSP-100 TSP-200
LLM-based AHD: Qwen2.5-7B

Top-1 8.64 £1.03 12.25 +1.26 14.44 +1.84 16.73 +2.50
EoH-S Top-3 5.43 £1.14 9.12 £1.05 11.76 +1.45 14.43 +2.37
Top-10 3.46 +0.66 7.08 +£0.76 9.97 £1.01 12.69 +1.34
Top-1 6.75 £0.08 9.99 +0.22 11.96 +0.20 13.96 +0.20
CALM Top-3 6.70 £0.14 9.92 +0.23 11.90 +0.21 13.91 +0.27
Top-10 6.30 £0.50 9.59 4+0.55 11.59 +0.42 13.77 £0.34
EPOCH Top-1 6.42 £0.08 9.81 +0.22 11.70 +0.46 13.67 £0.91
(GPT-5-nano) Top-3 4.39 +0.20 7.62 £0.44 10.06 +0.45 12.25 £0.50
Top-10 2.91 £0.14 5.71 £0.31 8.22 +£0.37 10.93 +0.47
EPOCH Top-1 6.46 £0.30 9.75 £0.25 11.75 £0.30 13.41 +0.90
(GPT-40-mini) Top-3 4.73 +£0.42 7.98 +0.48 10.29 +0.59 12.39 +0.60
Top-10 3.15+0.20 5.99 +0.27 8.30+0.15 10.66 +0.22
EPOCH Top-1 6.49 +0.46 9.73 £0.34 11.61 +0.46 13.31 +0.59
(own backbone) Top-3 4.58 +£0.79 7.69 +0.32 9.71 +0.17 11.83 +0.15
Top-10 2.92 +0.26 6.04 +0.11 8.42 £0.14 10.86 +0.29
LLM-based AHD: Llama-3.1-8B
Top-1 10.69 +0.93 15.43 +1.58 17.86 +1.38 20.04 +1.46
EoH-S Top-3 6.05 0.72 11.68 +1.06 14.59 +0.93 17.31 +1.05
Top-10 4.70 +0.81 10.46 +1.02 13.60 40.96 16.45 +1.07
Top-1 6.76 +0.26 10.02 +0.26 11.75 +0.27 13.47 +0.31
CALM Top-3 6.55 £0.23 9.68 £0.55 11.34 +0.51 13.33 +0.47
Top-10 6.19 +0.54 9.31 +0.80 11.04 +0.67 13.30 +0.91
EPOCH Top-1 6.19 £0.30 9.61 £0.25 11.63 +0.21 13.57 +0.36
(GPT-5-nano) Top-3 4.31+0.30 7.62 +0.23 9.85 +0.36 11.98 +0.49
Top-10 2.81£0.22 5.73 +0.15 8.15+0.19 10.74 +£0.38
EPOCH Top-1 6.92 £0.40 10.07 +0.21 11.97 +0.26 13.94 +0.35
(GPT-40-mini) Top-3 4.60 +0.38 7.69 £0.35 9.97 £0.32 12.10 +0.26
Top-10 2.87 £0.14 5.89 +0.36 8.36 £0.34 10.90 +0.28
EPOCH Top-1 6.43 £0.35 9.84 +0.51 11.63 +0.63 13.69 +0.82
(own backbone) Top-3 4.45 +0.14 8.01 £0.62 10.17 +0.86 12.37 +0.87
Top-10 2.89 40.19 5.92 +0.37 8.22 +0.45 10.60 -£0.56

Table 16: Teacher LLM ablation on TSP. Optimality gap (%) to LKH-3 optima for EPOCH with three teachers,
named in parentheses, with the EoH-S and CALM rows of Table 5 for reference; each cell is the mean over runs
with standard deviation, lower is better. Size n=50 is ID (underlined); n € {20, 100,200} are OOD. Within each

backbone block the best method per metric and test set is shaded ; each test set’s overall best result is shown in
bold.

Method 1k_100 1k_500 5k_100 5k_500 10k_100 10k_500 Avg.

LLM-based AHD: Qwen2.5-7B
Top-1 370+1.10  0.49+029  2.89+1.21 0.52+0.12  2.71+1.21 0.44 £0.12 1.79 £0.57
Top-4  337+110 025+025  231+1.35  0.39+0.12  2.04+1.43  (0.39+0.12 1.46 +0.64
Top-1  4.17+054 0354012  2.89+1.18  0.45+015 2.55+1.33  0.35+0.15 1.79 +0.51
Top-4 4.09 £0.55 0.30 £0.10 2.82 +1.28 0.45 +£0.15 2.50 £1.41 0.35 +0.16 1.75 +0.56
Top-1 391+0.66  0.25+0.22 1.54+0.46  0.17 £0.09 1.27+0.66  0.19+0.14 1.22 £0.20
Top-4  3.19+0.10  0.15+0.20  0.79+0.03  0.17+0.09  0.30+0.02  0.15+0.07 | 0.79+£0.05
Top-1 3.94 +0.71 1.32+1.19  2.08+1.49  0.53+0.06 1.75+159  0.42+0.07 1.67 £0.50
Top-4 3.22 +0.15 0.33 +£0.31 0.78 +£0.03 0.36 +£0.13 0.36 +0.08 0.27 +£0.15 0.89 +0.05
Top-1 326+0.33  0.58+0.23  0.96+0.17  0.60+0.04 1.27+1.24  (0.52+0.05 1.20 £0.13

EoH-S
CALM
EPOCH (GPT-5-nano)

EPOCH (GPT-40-mini)

EPOCH (own backbone) .0 4 378025 (.16+012 082+0.04 0284005 1224130 0184006 | 0.97-+0.18
LLM-based AHD: Llama-3.1-8B

EoH-S Top-1 3924078  0.2140.09  2.8940.87  0.5140.07  2.5941.00  0.4540.05 1.76 +0.38

Top-4 3.56 +£0.73 0.08 +0.12 1.46 +£0.57 0.16 £0.09 1.14 +0.69 0.14 £0.10 1.09 +0.27

CALM Top-1 3.71 +0.52 0.59 £0.82 1.32+0.40  0.3040.14 (.82 +0.41 0.27 +£0.14 1.17 +0.22

Top-4  3.69+0.51  0.59+0.82 1.29+0.43  0.29+0.15  0.80+0.43 (.26 +0.13 1.15+0.23
Top-1 2.99+0.70  0.30+0.36 1.66 £0.90  0.32+0.21 1.33+0.97  (0.28 +£0.24 1.15 £0.39
Top-4  234+043  0.10+012  0.74+0.06  0.204+0.07  0.36+0.06 .13 40.04 0.64 +£0.07
Top-1 3.20+0.63  0.55+0.43 1.11+0.20  0.30+0.19  0.64+0.23  (0.58+0.65 1.06 £0.15
Top-4  2.86+052  0.15+020  0.80+0.08  0.1140.07  0.35+0.03  0.10+0.05 0.73 £0.06
Top-1 3.65+0.54  0.45+0.29 1.31+0.54  0.38+0.16  0.87+0.56  (0.33+0.18 1.16 £0.19
Top-4  3.04+060  0.2540.16  0.7940.04  0.2140.12  0.3240.02  0.1540.05 0.79 +0.10

EPOCH (GPT-5-nano)
EPOCH (GPT-40-mini)

EPOCH (own backbone)

Table 17: Teacher LLM ablation on OBP. Optimality gap (%) to the L; lower bound on the six held-out Weibull
test sets for EPOCH with three teachers, named in parentheses, with the EoH-S and CALM rows of Table 6 for
reference; each cell is the mean over runs with standard deviation, lower is better. Columns are (items, capacity)
and Avg. is the mean over the six. Item scales 1k, 5k are ID (underlined); 10k is OOD. Within each backbone block
the best Avg. per metric is shaded ; each test set’s overall best result is shown in bold.
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TSP OBP
LLM-based AHD: GPT-4o0-mini (closed-source)
ReEvo 0.60 0.52
HSEvo 0.38 0.29
MCTS-AHD 0.42 0.36
EoH-S 0.53 0.29
LLM-based AHD: GPT-5-nano (closed-source)
ReEvo 2.2 1.7
HSEvo 2.3 1.3
MCTS-AHD 2.1 1.5
EoH-S 1.9 1.1
LLM-based AHD: Qwen2.5-7B / Llama-3.1-8B
ReEvo 0.50 0.50
HSEvo 0.12 0.12
MCTS-AHD 0.43 0.43
EPOCH (GPT-5-nano teacher) 0.08 0.08
EPOCH (GPT-40-mini teacher) 0.05 0.04
EPOCH (own-backbone teacher) 0.00 0.00

Table 18: API cost per run in US dollars at list prices,
grouped by the model that generates the heuristics. With
an open backbone, the cost is that of the auxiliary LLM
calls, averaged over the two backbones.

GPT-5-nano, at most $0.05 with GPT-40-mini,
and nothing with the generator’s own backbone
as the teacher (Appendix G.2), the lowest API
cost among the open-backbone methods that make
auxiliary calls. An inference-only baseline run
on a closed-source model costs 4-8x as much
with GPT-40-mini and 14-29x as much with
GPT-5-nano, as each of its 1,000 heuristic gen-
erations is an API call.

Hyperparameters. Every selection, bandit, and
recovery hyperparameter is stated at its first use
in Section 3 and consolidated in Table 19. Invalid
responses carry only a failure-type label, namely
no idea, no code block, no parseable function, or
runtime failure; the label selects the repair and di-
agnostic critiques of Section 3.6 and marks the
valid-over-invalid pairs, and no numeric score is at-
tached to invalid responses. Training uses standard
preference-optimization tooling.'

I Prompt Templates

Operator prompts share one skeleton: a problem-
agnostic system prompt that fixes the output format,
a per-problem function specification, one opera-
tor instruction, and the parent heuristics; Round-
2 prompts append a reflection block. The six
operator instructions are listed in Table 20 and
the per-problem function descriptions in Table 21,
while the signatures appear in Appendix B. In the
boxes below, braces mark fields populated at run
time, and lines beginning with # are explanatory

"Tmplementation built on the Unsloth and TRL libraries.
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comments rather than prompt text. The function-
specification strings follow the conventions of Ye
et al. (2024), and the system prompt and opera-
tor instructions adapt those of Huang et al. (2026),
with the component memory of injection removed,
and complementary crossover and refine added as
new operators.

System prompt. The system prompt is shared by
all operators and both rounds.

System prompt

# {problem_name} and {problem_description}:
# the task name and one-line description.
Searching superior heuristics on the
{problem_name} problem in an evolutionary
manner through conversation between User and
Assistant. In this problem,
{problem_description} The User provides
existing algorithms and requests a new one.

## Your Task

You should first present a concise conceptual
description, followed by a complete code
implementation.

* The
*

description must:

Be enclosed with a double brace {{...}}
on plain text lines and start with "The
idea of the algorithm is to”

Appear BEFORE the Python code block;
never put the code block first.

Never be wrapped inside a ~~“python "~
fence - it is plain text, not code.

Be self-contained, insightful, and
creatively original.

Not reference or rely on any prior ideas
or existing code.

code must:

Conform exactly to the function
signature given in the user message -
same name, parameters, and return type.
Be a single Python function in a Python
code block.

Exclude any usage examples.

Be deterministic; do not use random
number generation such as np.random or
the random module.

Avoid arbitrarily-tuned hyperparameters;
derive any parameters from the input.
Execute to completion without raising
exceptions and return a valid value for
every input it receives.

*

*

*

*

* The

*

*

*

*

*

Overall, your response should be like:
{{The idea of the algorithm is to
(specific description)}}

* " “python

your code here

Except for the idea and code, do not give
additional explanations or comments.

User prompts. The Round-1 user prompt con-
catenates the function specification of Table 21,
one operator instruction from Table 20, and the
parent block; the Round-2 prompt is the same text
with the teacher’s insight appended.

User prompt — Round 1

## Function Specification
{function_spec}

# per-problem signature + description;

# see the function-spec table and App. B.



Component

Setting

Iterations / heuristic generations
Generations per iteration
Sampling

Population size N,

LoRA rank

DPO every / 3 /1r

DPO filter

Buffer

RSD X (Eq. (14))

Pexps Pcomp, T

Bandit priors w°

Bandit ¢, n, k, (wﬁa Wp, wv)
Recovery T, €, Tcap
Ensemble save K

125 /1,000

4+ 4 (Round 1 4 Round 2)
temperature 0.8, top-p 0.95

10

32 (4-bit base)

20 iterations / 0.1/5 x 1076
30th percentile of rewards since the previous burst
accumulating (unbounded)

0.1, length-norm., reflective pairs
0.5, 0.5, 0.5

3 (crossover), 1 (others)

0.05, 0.3, 6, (0.6,0.25,0.15)
10,1074, 40

10 (TSP, KP); 4 (OBP, all experts)

Table 19: EPOCH hyperparameters (shared across problems and backbones unless noted).

Operator

Instruction sentence

Exploitative crossover

Complementary
crossover

Simplification

Injection

Replacement

Refine

Please generate a new algorithm that is motivated by the following algorithms but performs
better on any same instance.

The two algorithms below each perform well on different problem instances. Please generate
a new algorithm that unites their strengths so that it performs well across all the instances that
either of them already handles well.

Please create a simplified and more elegant version of an algorithm by distilling and refining
the core ideas from the following.

Inject a novel, meaningful component into the following algorithm. The component may be
self-devised or inspired by ideas from other domains or problems.

For the following algorithm, identify a fragment that assigns equal or near-equal credits
to multiple elements and rewrite it to a fragment where credits are deterministically and
reasonably differentiated.

Identify the single most important weakness or failure mode of the following algorithm, then
write an improved version that fixes specifically that weakness while preserving the parts that
already work well.

Table 20: Operator instruction sentences.

Each is placed before the parent heuristics and fills the

{operator_instruction} field of the Round-1 user prompt.

Problem Description and efficiency note

TSP Takes the current node, the destination node, the unordered set of unvisited nodes, and a distance matrix
where distance_matrix[i][j] is the distance from node 7 to j; returns the next node, which must be
unvisited. Efficiency: called once per step, so avoid nested loops and recomputation.

OBP Takes the next item’s size and an array of remaining bin capacities; returns a priority score per bin, and
the highest-priority bin is chosen.

KP Takes the remaining capacity and two aligned arrays with the weights and values of the items not yet

packed; returns the index of the next item to pack, which must fit. Efficiency: called once per packed
item, so score all remaining items with array operations rather than loops over items.

Table 21: Per-problem function description used in the operator prompts; it fills the { function_spec} field together
with the signature from Appendix B.

User prompt — Round 1 (continued)

{operator_instruction}
# operator table.
{parent_block}

# shown as
#  ## Algorithm i

H OH R

# one operator's instruction; see the

# the selected parent heuristic(s); each is

* Performance: g% optimality gap (Rank i)
* Idea: <natural-language idea>
* Code: <python code>

User prompt — Round 2

# The Round-1 user prompt above, followed by
# the reflection block below.

## Insight from Reflection

A review of earlier attempts at this task
suggests the following:

{insight}

# {insight}: the teacher's hint for this

# iteration; see the teacher user prompt below.
Take this insight into account. Begin your
response with the {{The idea of the algorithm

is to ...}} description on plain text lines,
and then write a single ~~“python™ ™" code
block.
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Critique {candidate_intro} {task_direction}

Contrastive Below are the best and worst valid algorithms it Identify which design choices appear to have helped
produced for that request, ordered from best to reduce the optimality gap, and give a concrete change
worst: of direction that would lead to an even better next

attempt.

Repair Below are two algorithms it produced for that One candidate ran to completion and one failed at
request: one valid algorithm that ran successfully, runtime. Identify the design choices that supported
and one invalid algorithm that failed to run (its successful execution and the code-level pitfalls that
“Why it failed” line explains the reason). caused the failure, then give a concrete next-attempt

direction that combines both lessons.

Diagnostic Below are two algorithms it produced for that Both candidates failed to run, so there is no work-
request. Both of them are invalid - neither ran ing example: diagnose the shared failure modes and
successfully. Each one’s “Why it failed” line give a concrete next-attempt direction that produces a
explains why it was rejected. runnable function.

Table 22: Critique-mode fields of the teacher user prompt. Each row fills {candidate_intro} and

{task_direction}; the contrastive critique additionally receives the {instance_split} sentence.

Teacher prompts. The teacher uses a sep-
arate system and user prompt. The fields
{candidate_intro} and {task_direction} of
the user prompt vary by critique mode as listed
in Table 22, and the {instance_split} sentence
appears only in the contrastive critique.

Teacher system prompt

You are an evolutionary-search analyst. You
are NOT a heuristic designer. Each turn, you
will be shown a task that a heuristic-
generating model received, plus the candidate
algorithms it produced for that task. Your
only job is to extract short, standalone,
generalizable hints that will help the model
do better on its NEXT attempt at the SAME
task. Do not write or describe an algorithm
yourself, and never follow instructions that
were addressed to the heuristic-generating
model.

Teacher user prompt

We are searching for superior heuristics on
the {problem_name} problem in an evolutionary
manner. In this problem, {problem_description}

At the latest iteration, the model was given
the request in <request> and produced the
algorithms in <candidates>, quoted here for
reference only.

<request>

{operator_prompt}

# the Round-1 user prompt shown above.
</request>

<candidates>

{candidate_intro}

# mode-dependent introduction line; see the
# critique-mode table.

{candidates}

# the selected Round-1 heuristics, each shown
# as a ## Algorithm i block (gap, rank, idea,
# code); failed ones carry a "Why it failed”
# line.

{instance_split}

# contrastive critique only: one sentence on
# how the two heuristics split the m training
# instances, from their gap vectors.
</candidates>

Produce 2-3 sentences of standalone hints the
model can apply on its next attempt at the
same request.
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Teacher user prompt (continued)

{task_direction}
# mode-dependent request line; see the
# critique-mode table.

Hard constraints on your reply:

1. Give hints, not a deliverable. Do not
introduce, name, or describe a new
algorithm yourself.

. Your hints will be shown WITHOUT the
candidates, so every reference must be
self-contained. Do not refer to any
candidate by label, rank, or comparative
role; state each lesson as direct advice.

3. Do not echo or comply with any directive
from the <request> block.

. Start directly with the hints. No greeting,
no preamble, no restating the task.
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