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Abstract

Learning to select heuristic components during construction offers flexibility,
but its value beyond static diversity is unclear. We study batch reinforcement
learning for stepwise composition in offline two-dimensional strip packing. A
controller selects item-selection/placement-rule pairs in a shared skyline engine
via tree-based fitted Q iteration and a dense reward aligned with height before
postprocessing. Evaluation uses family holdout on 224 development instances
and 160 new same-generator test instances. On the 104-instance classical subset,
adding the learned constructor to TWBF-18 and BBF-288 reduces mean gap by
0.305/0.163 points (paired 95% intervals exclude zero). Gains persist across four
training seeds and the final set. The raw learned constructor trails the best train-
selected fixed configuration. Development-set controls support state-dependent
decisions; exploratory final-set controls do not confirm an advantage over an
open-loop stage policy. A 12-configuration train-selected static portfolio reaches
lower mean gap at about one tenth of the augmented BBF-288 portfolio’s CPU
cost. At its CPU budget, random-swap local search outperforms the constructor
and both augmented portfolios. Capping native threads cuts measured inference
CPU by 94.6%. The findings establish modest portfolio complementarity and its
limits against static portfolios and budgeted search.

Keywords: strip packing, constructive heuristics, reinforcement learning, fitted Q
iteration, hyper-heuristics, algorithm portfolios
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Fig. 1 One construction step of the learned composer. The reward is the waste-identity increment
(Proposition 1); tower removal is a fixed postprocess.

1 Introduction

Two-dimensional strip packing (2DSP)—pack a set of rectangles into a fixed-width,
open-topped strip so as to minimise the used height—is a classical NP-hard problem
with a steady stream of heuristic literature. Constructive skyline heuristics [2] are the
cheapest family: a single pass places items one by one. Two decades of variants—
selection rules, placement policies, orderings—produced a robust finding that no
variant dominates [22]. Two published shells exploit this diversity statically: BBF enu-
merates 288 strategy combinations [1] and TWBF 18 orderingxpolicy combinations
[26], keeping the best packing per instance.

We ask whether a learned controller can compose the same components adaptively
within one pass, choosing the selection rule and placement policy at each step as
a function of the current partial layout. Two observations motivate the question:
enumeration pays for diversity with redundant constructions, and the choice that
matters varies within an instance, not only across instances.

Because “does learning help here” is easily confounded—adding any further con-
structor to a shell can only improve its per-instance best—we pre-registered a control
battery that separates state-dependent learning from switching diversity, open-loop
switching, and train-selected fixed configuration, plus an equal-CPU-budget compari-
son against random restarts and local search. All protocols, gates, and design revisions
were fixed in dated design documents before the corresponding runs.

Findings

(i) Standalone, the learned constructor (raw) does not beat the best single fixed con-
figuration; with a safety fallback (a two-member ensemble) it ranks fourth among
the published single methods and fifth once the train-selected portfolio joins the
comparison set (Table 2). (ii) Composed into the published TWBF-18 / BBF-288
shells, the learned policy adds significant value, and the augmented BBF-288 shell
(4.405%) is numerically below FH (4.501%), the strongest published single method
measured here—a difference that is not significant on a paired comparison (40.095
[—0.385, +0.633]); a train-selected static 12-configuration portfolio from the same com-
ponent space is lower still (4.238%). (iii) Controls: the composition gain significantly
exceeds random stepwise switching, a stateless frequency-matched policy, and a fixed
open-loop stage table on both shells (all six paired 95% Cls exclude zero)—on the
development set the gain is consistent with state-dependent closed-loop decisions and



not explained by switching diversity, marginal action frequencies, or open-loop stage
structure; on the untouched final set the open-loop stage table caught up with the
learned member (Section 5.7). A train-selected fixed configuration arm is statistically
indistinguishable from the learned member (better on TWBF-18, worse on BBF-
288; indistinguishable does not imply equivalent). (iv) Cost: the learned member is
never cost-competitive. Plain random-swap local search with not-worse acceptance
given the same CPU budget as the learned member’s inference reaches 1.873% mean
gap—below the augmented shell’s 4.405%; at 0.2s/instance it reaches 2.963%, below
every constructive method and shell tested. (v) Inference taz: 94.6% of the learned
policy’s measured raw CPU time disappeared when native thread caps were applied
(2160 — 116s per 104 instances; per-call overhead 488x), consistent with per-row
predict calls spawning OpenMP thread teams—a measurement artefact, not model
computation. Timing claims in learning-based packing papers that report construction
counts but not thread-controlled CPU time can be distorted by such artefacts.

Contributions

(1) The first offline, stepwise, batch-RL composer over named classic components for
strip packing, with a terminal-consistent telescoping reward (closest prior art selects
whole heuristics with GA in bin packing, or acts online; Section 2). (2) A pre-registered
control battery testing whether the composition gain is specific to state-dependent,
closed-loop decisions—on the development set the evidence is consistent with that
attribution; on the final set the closed-loop-over-open-loop part is not confirmed—the
paper’s central evidence. (3) An equal-CPU-budget accounting showing that budgeted
random-swap local search dominates bbf-288, FH, and both learning-augmented vari-
ants on both axes at every budget tested (only bf-TN, ish-core, twbif-18, and the
train-selected portfolio remain cheaper-and-worse frontier points), with an inference-
tax artefact analysis (thread-control churn) that we believe should accompany all
learning-based packing cost reports.

2 Related work

Constructive strip packing and the BF family

Burke et al. [2] introduced the skyline best-fit (BF) heuristic; successors added mecha-
nisms and variants: vertical niches (BBF; 1), three-way policies and orderings (TWBF;
26), fitness-number selection and a random local search shell (ISH; 29). BBF and
TWBF embed enumeration shells—run all 288 (resp. 18) configurations, keep the best.
Our action vocabulary is exactly this published vocabulary, and the published shells
are our composition partners. Level/shelf families [19] and the skyline-tabu framework
of Wei et al. [28] populate the same unified protocol we reuse. Within the constructive
line, the recent backtracking heuristic of Li et al. [15] (BHA) strengthens large-scale
results but, by its own height-sum comparisons, does not dominate FH on the classical
C/N/CX sets; its cross-method table also mixes five hardware/time-limit configura-
tions, the comparability gap our controlled protocol avoids. Further out on the quality
axis, the skyline-guided bounded tree search of Li et al. [16] improves best-reported
solutions for 21 of 112 benchmark instances of the rotation-allowed problem (its 112



include the 104 studied here); with no public implementation, it cannot be re-measured
under our protocol, and that search-budgeted quality tier is not what our controlled
comparisons contest.

Hyper-heuristics

Selection hyper-heuristics choose among low-level heuristics (LLHs) during search
[3]. Closest to us: Terashima-Marin et al. [24] and Lépez-Camacho et al. [17] evolve
condition—action rule sets with genetic algorithms that select BL-family heuristics
during construction for bin packing; Garrido and Riff [7] evolve per-instance open-
loop schedules of constructive heuristics for 2DSP; Wang et al. [27] apply Q-learning
to select perturbation operators within a population framework for irregular packing;
Kallestad et al. [11] learn operator selection inside ALNS (an improvement frame-
work over routing and scheduling domains—not online packing rule selection). We
differ on four axes: the problem (offline rectangular strip packing), the action set
(factorised component micro-actions rather than whole heuristics), the learner (batch
value-function RL with a terminal-consistent telescoping reward rather than GA or
tabular Q), and the evaluation (family holdout with shell baselines and a control
battery).

Learning-based construction for packing

Offline neural constructors learn new policies end-to-end: pointer-network orderings
[5], actor—critic placement [13], learned scoring functions [10, 32], GNN agents [30], and
MCTS self-play [12]. None selects among named classic components stepwise; all learn
new decision machinery. Online DRL hyper-heuristics [25, 31] select BF placement
rules in the online list model (irrevocable placement, unknown future) and report gains
around one percent; our setting is offline, with replay and terminal-consistent credit
assignment. Per-instance algorithm selection for packing is supervised and one-shot
[18, 20, 21]; our decision granularity is per step. Notably, Kaleta and Sliwinski [10]—
whose setting additionally allows rotation—include a “best of ten variants” oracle
baseline that their neural method fails to beat, the same diversity-wall phenomenon
we document systematically.

Batch reinforcement learning

FQI [4] and neural fitted Q [23] learn Q-functions from fixed transition sets with
supervised regressors; batch RL has learned dispatching rules in job-shop scheduling
[6] and orienteering [14]. To our knowledge, tree-ensemble FQI has not been applied
to component selection inside constructive combinatorial heuristics.

3 Method

3.1 Problem, rotation convention, and engine

Figure 1 shows one construction step of the learned composer (state, observation,
per-action Q-heads, component, engine).

An instance gives n rectangles (w; x h;) and a strip width W; the goal is a feasible,
non-overlapping placement of minimal height H. Orientation convention. We follow



Table 1 Observation features (15), all online-computable.

group features

skyline shape segment count; lowest-gap width; min/mean/SD/max height
remaining items count ratio; area ratio; mean/max width

mean height; slender share
progress cumulative buried area; step index; last height increment

the BF literature’s convention [2]: items are width-normalised in preprocessing (w; >
h; after a fixed 90-degree relabelling), and the tower-removal postprocess (TR) may
rotate top vertical items during reinsertion. Hence the solved variant is the rotation-
normalised one, not the strict fixed-orientation one; all methods compared share this
convention. Under it, LB = max([>_, w;h;/W], max; h;) remains a valid lower bound:
each item’s placed height is at least its normalised (shorter) side.

The engine is a deterministic skyline constructor: each step takes the lowest gap
(leftmost tie), selects an item by a configurable rule, places it at a gap edge by a
configurable policy, and raises unfillable gaps (the area beneath is buried). TR is
applied once at the end of each construction for all arms; it is a cheap postprocess, not
an action. All packings pass a geometric validator (completeness, orientation, bounds,
non-overlap, height consistency).

3.2 MDP formulation

¢ Environment state x;: the full partial layout and remaining item set. The policy
reads a 15-dimensional observation (z;) (Table 1) computed online; as with any
compressed observation, distinct environment states can share it (a POMDP read-
ing), which does not affect the validity of the training procedure but bounds the
theoretical claims we make.

e Actions (9): item-selection rule € {widest-fit, first-fit, fitness-number} x placement
policy € {LM, TN, SN}. Precise semantics (including tie handling and first-fit’s list
order) follow the cited source papers and are documented in the replication package.

® Reward: let &, = W - H; — A;, where H; is the current strip height and A; the
area placed so far (&g = 0), and set 1, = —(P¢1 — @) /(W - LB).

® Horizon: n steps; deterministic transitions.

Throughout, g(H) = (H — LB)/LB and the reported gap is 100 g(H) in percent.
Proposition 1 (telescoping reward). Z::Ol ry = —g(Hy) — (LB — A/W)/LB: the
return equals minus the terminal construction gap minus an instance-dependent
constant (the second term is constant per instance).

Proof. 3 ,(®i41 — ®¢) = ®,, — P9 = WH,, — A; divide by W - LB and rearrange; the
last term is constant per instance. O

Thus the dense reward tracks the terminal objective with no per-step misalign-
ment; we do not claim this removes long-horizon credit assignment difficulty for the
function approximator. Scope notes: the reward telescopes to the pre-TR construc-
tion height, i.e. “terminal-consistent” is scoped to the construction objective (TR is



Algorithm 1 Training and deployment (one fold)

Require: training instances Z; behaviour episodes E=8; rounds K=5; reuse episodes
E'=2,c=02
collect behaviour episodes on Z (4 random, 2 BF-like, 2 S2-like)
Qo <+ per-action regressors fit on r
for k=1to K —1do
fit per-action regressors on y; = r:+(1—d;) max, Qk;_]_(()o(xt_i'_l), a') with Qr_1
frozen within the round
end for
6: collect E' e-greedy episodes against Qx_1; refit K rounds on the union
7. deploy: greedy argmax policy; per instance, if its verified gap exceeds the train-
fold best fixed configuration’s, fall back to the fixed configuration (rate reported)

oW N

o

a shared postprocess whose gain is policy-dependent, not identical across arms: mea-
sured TR deltas are —2.21pp on the strongest fixed configuration vs —1.54pp on the
learned policy’s layouts); and the observation is a compressed summary (POMDP),
so we report behaviour-level evidence rather than representation-level guarantees.

3.3 Learning: fitted Q iteration

Behaviour episodes per training instance (8): four uniform-random, two with a fixed
BF-like rule (widest-fit/LM), two with a fixed S2-like rule (fitness-number/SN). From
the pooled transition set, FQI fits one histogram gradient-boosting regressor per action
(v = 1, five rounds; per-fit subsample 10° rows with seeds derived per round x action;
the full set is replayed each round, so no target network is needed). A second data pass
adds two e-greedy episodes (¢ = 0.2) per instance against the frozen Q of the first pass
and refits (Algorithm 1); terminal states are masked from the bootstrap. Training-
budget note: the reuse pass is applied to the main arm and the Double-DQN arm (three
reuse rounds there); the feature, macro-action, and wide-action ablation arms received
no reuse pass, so arm-to-arm comparisons carry that asymmetry (recorded). Five
rounds balance fit stability against the documented divergence risk of approximate
FQI; the choice and its sensitivity are recorded in the design log.

3.4 Safety fallback

The deployed artefact pairs the learned policy with a per-instance safety fallback onto
the train-fold best fixed configuration. The fallback member is selected on training
folds only (no test information). We report raw, fixed, and deployed (min-of-two)
numbers separately throughout; the deployed ensemble is a two-member combination
and is described as such.

3.5 Function-class control

FQI’s tree ensembles match the small hand-designed observation and the batch setting,
train in minutes on CPU, and are deterministic. As a function-class falsification arm,
a full Double-DQN + Dueling variant (MLP 15—128—128, v = 1, Huber loss, periodic



target sync, GPU training) was run under the same evaluation protocol (three reuse
rounds; Section 5.6).

4 Experimental setup

Instances and splits

Development set: C1-C7 (21) [9], BKW/N (13) [2], NT (70) [8], PV (120 prospective
instances: four geometry groups x two scales, W=1000); training additionally uses
800 self-generated instances from the PV generator (disjoint seed range 46-145). A
160-instance final set (seed range 146-165) was generated at the same time and left
untouched until the protocol was frozen (the frozen design log is dated and included in
the replication package); Section 5.7 reports it. Family holdout: train on all families
except the held one (the PV fold additionally holds out generator slice 126-145). The
PV fold is therefore within-generator: its training data includes the same generator’s
slices 46—125, so PV results do not test cross-distribution generalisation; the final set
is likewise a new-sample, same-generator test (seeds 146-165), not a cross-distribution
one. Per-fold split: C/BKW/NT/PV folds hold out 21/13/70/120 instances and train
on the remaining 1003/1011/954/744 behaviour-episode instances (base plus gener-
ated, counts computed from the actual split); the final set is evaluated once with the
pipeline retrained on all development instances including the 800 generated ones.

Baselines

Published methods in the same unified protocol: BF (LM/TN/SN), ISH-core, TWBF-
18, BBF-288, FH. A fold-fair greedy-12 portfolio from the 864-configuration com-
ponent space is reported as an analysis reference (fold means C/BKW/NT/PV:
3.18/1.57/5.05/4.80%). Control arms (Section 5.3): random stepwise switching, state-
less frequency-matched sampling, fixed open-loop stage table, train-selected fixed
configuration, equal-budget random restarts, and equal-budget random-swap search.
The train-selected arm is the train-fold best single fixed configuration—one extra
construction per instance, selected on training folds only; a conventional strong
constructor, not a learned selector.

Search-arm specification

The budgeted search is a random-swap local search with not-worse acceptance: the core
is the strongest single constructive configuration in our component space (perimeter
ordering, fitness-number selection, shortest-neighbour placement, TR on); the initial
sequence is perimeter-descending (sorting happens only at initialisation, never per
candidate); the neighbourhood is the uniform random pair swap; the walk continues
from an accepted (not-worse) sequence without restart; TR runs inside every candidate
evaluation; the run terminates early at the area lower bound (18/104 instances in the
budget arm; 9-25/104 on the curve depending on budget), and otherwise exhausts the
budget, which is checked before each candidate evaluation (overshoot < one pack);
the initial construction, TR, and validation all count toward the budget; curve axes
use measured actual CPU, not nominal budgets. The random-restart arm randomises
the component action per step (not the item order). Learning and search arms share



Table 2 Standalone results (mean gap %). RL raw = learned policy + TR; fixed = train-fold best
fixed configuration; deployed = per-instance min of the two (fallback ensemble). Published
comparators in the same protocol. PV: shells not measured; fallback rate 0.86 analysed in text.

fold RL raw  fixed deployed Dbf-TN  ish-core twbf-18  bbf-288 fh greedy-12
C (21) 6.93 6.84 4.54 7.63 4.62 4.72 3.22 2.48 3.18
BKW (13) 5.55 3.69 2.54 9.00 3.69 3.12 2.11 1.39 1.57
NT (70) 8.62 8.04 6.70 7.94 7.69 5.93 5.43 5.69 5.05
weighted 7.90 7.26 5.74 8.01 6.57 5.33 4.57 4.50 4.24

the same engine, orientation normalisation, and TR postprocess, so the comparison
isolates the decision mechanism, not the machinery.

Statistics and timing

Instance-level paired bootstrap, 10,000 resamples, fixed seed; 95% percentile intervals;
all Cls in this paper come from the same bootstrap script so that repeated quanti-
ties carry identical intervals. Timing: serial process_time (CPU seconds; note that
process_time accumulates CPU across a process’s threads, so we cap native threads
at one—OMP /BLAS /vecLib—and record wall time as secondary), three reps, median;
measurement window on an otherwise idle machine; hardware/software: Apple M5,
16 GB RAM, Python 3.13, scikit-learn 1.5. A pipeline-level reproducibility note: an
early draft of the pipeline admitted scheduler-dependent jitter of £0.3 points on fold
means (insertion order of reuse episodes); the released pipeline fixes the ordering. All
reported solutions and statistical outputs regenerate bitwise from a single code ver-
sion; timing figures are medians of three repeated serial runs and are not claimed to
be bitwise-reproducible.

5 Results

5.1 Standalone: the raw policy does not beat the best fixed
configuration

Table 2 corrects the natural misreading: the raw learned constructor (7.90%) trails
the best single fixed configuration (7.26%) and the ISH core; the fourth-place figure
(5.74%) belongs to the two-member fallback ensemble, not to the learned policy alone.
On the PV family the learned policy falls back on 86% of instances (raw 8.42%,
deployed 5.96%). Because the PV fold’s training data still includes same-generator
slices (Section 4), this is a within-generator weakness, not a distribution-shift effect;
we record it as an open observation rather than explain it.

5.2 Composition: significant complementarity to published
shells

Tables 3-4 give the composition results. The complementarity is broad-based (every
family, both shells). BBF-288 4+ RL reaches 4.405%, numerically below FH’s
4.501%; the paired difference is +0.095 points with 95% CI [—0.385,+0.633] (28/104



Table 3 The learned policy as one more member of the published shells (per-instance
best; RL member = raw policy + TR). Gain = shell minus combination; 95% CI = paired
bootstrap (10,000, fixed seed).

shell n shell alone

shell + RL gain [95% CI] wins
TWBF-18 104 5.333 5.028 +0.305 [+0.160,40.470] 22/104
BBF-288 104 4.568 4.405 +0.163 [+0.062,40.292] 12/104

Table 4 Composition per family.

shell family  shell alone shell+RL gain [95% CI]

TWBF-18 C 4.722 4.365 +0.357 [+0.040, +0.873]
TWBF-18 BKW 3.115 2.484 +0.631 [+0.103, +1.333]
TWBF-18 NT 5.929 5.700 +0.229 [+0.093, +0.393]
BBF-288 C 3.221 2.963 +0.258 [+0.000, +0.754]
BBF-288 BKW 2.111 1.957 -+0.154 [+0.000, +0.462]
BBF-288 NT 5.429 5.293 +0.136 [+0.057, +0.236]

Table 5 Control arms composed into TWBF-18 (mean gap %). Arms: random
stepwise switching (5 seeds); stateless sampling from the RL policy’s marginal action
distribution (5 seeds); fixed open-loop stage table (modal RL action per progress
bucket, learned on training instances); train-selected fixed configuration; train-fold
best fixed configuration (one extra construction per instance). Again—RL: paired
difference of gains, control minus RL (negative = RL better).

arm alone gain [95% CI] Again—RL [95% CI]
RL policy 7.90  40.305 [4+0.160, 4+0.470]

rand-step 851  +0.057 [£0.006, 40.144] —0.248 [~0.436, —0.077]
freq-step 8.08  +0.115 [+0.064, +0.173] —0.190 [~0.360, —0.044]
stage-table 9.74  +0.062 [+0.000, +0.144] —0.242 [~0.435, —0.073]
train-sel-fixed ~ 7.26  +0.520 [+0.289, +0.797] +0.215 [—0.060, +0.518]

wins)—lower in mean, not significant, and we do not claim otherwise. The mechanism
reading—TWBF enumerates static orderings, BBF strategy vectors, the learned policy
adapts within the pass—is tested, not assumed, in Sections 5.3 and 5.8.

5.3 Controls: the gain is consistent with state dependence, but
the learned member is not the strongest possible
complement

Tables 5-6 and Figure 2 are the paper’s central evidence. The learned policy’s composi-
tion gain significantly exceeds (i) random stepwise switching, (ii) a stateless policy with
the same marginal action frequencies, and (iii) a fixed open-loop stage table—on both
shells, all six paired Cls excluding zero. These six comparisons were pre-registered;
intervals are unadjusted per-comparison 95% CIs, and the BBF stage-table interval
(upper bound —0.003) is marginal and read as such. The evidence is consistent with



Table 6 Control arms composed into BBF-288 (columns as in Table 5).

arm alone gain [95% CI] Again—RL [95% CI]

RL policy 7.90  +0.163 [+0.062, +0.292] —

rand-step 8.51  40.016 [+0.003,+0.034] —0.146 [—0.278, —0.045]

freq-step 8.08  +0.023 [+0.004,+0.050] —0.139 [—0.272, —0.039]

stage-table 9.74  +0.043 [+0.000,40.101] —0.119 [-0.259, —0.003]

train-sel-fixed ~ 7.26  +0.119 [+0.043,+0.215] —0.044 [—0.196, +0.093]
TWBF-18 BBF-288
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Fig. 2 Composition gain per arm over each shell (pp, paired 95% CI). Filled circles: development
set (pre-registered comparisons of Tables 5-6); open squares: final set (exploratory, Table 14). The
learned policy (red) clears every switching control on the development set while the train-selected
fixed configuration bounds it from above; on the final set the open-loop stage table crosses over on
TWBF-18 (Section 5.3).

state-dependent, closed-loop decisions driving the complementarity and not explained
by switching diversity, marginal action frequencies, or this open-loop compression; we
do not claim state dependence is the only possible mechanism, nor that no open-loop
policy could match it (our stage table is a simple modal compression, not an opti-
mised open-loop policy). The bounding fact is equally important: a train-selected fixed
configuration is statistically indistinguishable from the learned member (better point
estimate on TWBF-18, worse on BBF-288)—an absence of detected difference, not a
demonstration of equivalence. The learned policy’s distinctive niche is the strongest
shell: where another fixed config adds least, its within-pass adaptation still adds value.

5.4 Cost: budgeted local search dominates at every budget
tested

Tables 7-8 give the decisive cost verdict. Handing the learned member’s own budget
to plain random restarts already reaches 2.735%; handing it to random-swap local
search reaches 1.873%—below FH (4.501%), below the augmented shell (4.405%),

10



Table 7 Equal-CPU-budget controls. Each instance’s budget equals the RL
member’s measured CPU time (median of three; thread-clean measurement
below). Arms: repeated uniform-random constructions (best-of); first-
improvement single-swap local search over the sequence (strongest single
constructive core, TR on). CPU caps are process-time, so the comparison is

load-fair.
arm alone packs/inst combo TWBF combo BBF
RL policy 7.897 — 5.028 (+0.305)  4.405 (4+0.163)
budget-rand  2.735 ~800 2.735 (4+2.598)  2.717 (+1.851)
budget-ls 1.873 ~5400 1.873 (+3.461) 1.873 (42.696)

Table 8 Budgeted local-search quality—time curve (mean gap %
over the 104 instances; budget in CPU seconds per instance,
process-time capped).

budget/instance 0.2 1s 5s 20s 60s
mean gap 2.963 2.307 1928 1.598 1.390

Table 9 Cost—quality summary (104 instances; gap = weighted mean %; CPU =
sum of serial median-of-3 process times; per-instance means in parentheses). Frontier
points in bold. See also Figure 3.

method gap CPUsum (s) CPU/instance (s)
bf-TN 8.006 0.47 0.005
ish-core 6.568 1.70 0.016
twbf-18 5.333 12.11 0.116
greedy-12 portfolio 4.238 19.4 0.186
bbf-288 4.568 91.30 0.878
th 4.501 2829.97 27.2
rl-policy (artefact) 7.897 2159.69 20.8
rl-policy (thread-capped) 7.897 116.0 1.115
bbf-288 + RL (thread-capped) 4.405 207.3 1.99
LS@0.2s 2.963 22.3 0.214
LS@1s 2.307 95.7 0.920
LS@5s 1.928 448.5 4.313

below the component space’s per-instance oracle (3.42%). Even at 0.2s/instance—
one tenth of the augmented shell’s thread-clean cost—the search arm reaches 2.963%.
At no tested budget does the learned or composed constructor pay oper-
ationally. We therefore withdraw any deployment recommendation for the learned
member as implemented; the per-budget recommendation that our data supports is:
millisecond — bf-TN; ~10ms — ish-core; ~0.1s — twbf-18; >0.2s — budgeted local
search; FH and BBF-288 appear nowhere on the frontier (Table 9).

11



Cost-quality plane, 104 instances (family-weighted)
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Fig. 3 Cost—quality plane on the 104 instances (family-weighted mean gap vs per-instance CPU
time, log scale). The budgeted local-search curve dominates (better on both axes) bbf-288, FH, the
raw learned policy, and the learning-augmented shell already at 0.2 s/instance; bf-TN, ish-core, twbf-
18, and the train-selected 12-configuration portfolio remain cheaper-and-worse frontier points.

5.5 The inference tax: an OpenMP artefact

The learned policy’s striking raw cost (2160s per 104 instances) turned out to be
an artefact: per-row predict calls on nine tree models in a thread-uncontrolled pro-
cess cost ~430ms per construction step, vs 0.88 ms with native threads capped at
one—a 488x per-call overhead consistent with OpenMP thread-team churn (we ver-
ify the effect by removal, not by tracing the runtime internals). Profiling on five
representative instances attributes 72-98% of rollout time to it (replication pack-
age, off3-profile.csv); the cap removes 94.6% of the member’s total CPU time
(2159.69 — 116.0s; wall times and thread settings in the package). Thread-capped
inference brings the RL member to 116s (1.1s/instance) and the augmented shell to
207s. On this thread-capped accounting the shell is cheaper and lower-gap than FH
(207 s, 4.405% vs 28305, 4.501%); the quality difference itself is not significant (paired
95% CI [—0.385,+0.633]), and none of it rescues the operational case against budgeted
local search (Section 5.4).

The methodological lesson: construction counts and thread-uncontrolled CPU
times systematically distort the cost accounting of learned packing policies; we
recommend reporting thread-capped CPU time alongside.

5.6 Ablations and function class

Table 10: under the current training budgets, no design dimension improves consis-
tently. Mechanism features help only on NT; the macro- and wide-action configurations
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Table 10 Ablations (deployed mean gap % per held-out fold, canonical rerun).
Exploratory configuration comparisons: the reuse pass was applied to the main and
Double-DQN arms only, so cross-arm differences confound the design change with the
training budget.

arm C BKW NT PV  reading

main (9 actions, 15 feats) 4.54 254 6.70 5.96 best on C/BKW
+ mechanism features (19) 5.11  3.05 6.28 5.97 Dbetter on NT only

macro-actions (m=>5) 5.24 3.61 7.39  5.96 higher gaps here
wide actions (36) 5.99 — 6.97 —  higher gaps here
Double-DQN + Dueling 5.22 2.99 7.44 5.82 no consistent edge

Table 11 Training-seed robustness (deployed mean gap % per fold; seed 42
= canonical; three further full-pipeline seeds).

fold seed 42 seed 43 seed 44 seed 45 mean sample sd

C 4.54 5.58 5.19 5.69 5.25 0.52
BKW 2.54 3.36 3.15 2.68 2.93 0.39
NT 6.70 6.94 6.84 6.84 6.83 0.10
PV 5.96 5.94 5.89 5.89 5.92 0.04

Table 12 Per-seed shell-composition gains (paired 95% CI): every training seed’s gain
over both published shells is positive and significant.

seed RL raw TWBF-18 gain [CI] BBF-288 gain [CI]
42 (canonical)  7.90  +0.305 [+0.160,40.470] +0.163 [+0.062, +-0.292]
43 841  +0.245 [+0.116,+0.413]  +0.048 [+0.014, +0.091]
44 8.58  +0.221 [+0.129,+0.327] +0.106 [+0.038, +0.188]
[ ] [ ]

45 8.66 +0.181 [+0.093,+0.285]  +0.106 [+0.043,+0.178

perform worse here; the Double-DQN arm is worse on three folds and marginally
better on PV. Given the training-budget asymmetry noted in the caption, these are
exploratory configuration comparisons, not causal attributions to the design dimen-
sions. In the tested configurations, the neural function class showed no consistent
advantage over tree-ensemble FQI—a scoped statement about these configurations,
not about the method family.

5.7 Robustness: training seeds and the untouched final set

Two further robustness checks close the protocol: (i) three additional training
seeds over the four folds, separating training randomness from sampling uncertainty
(Table 11); (ii) one evaluation of the frozen pipeline on the 160 untouched final
instances (Table 13).

Training randomness moves fold means by up to 1.15 points of range on C (sample
sd 0.52) and 0.82 on BKW (sd 0.39), with the canonical seed at the favourable end,
and is negligible on NT/PV (sd < 0.1); the fallback ensemble ranks fourth for all four
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Table 13 Untouched final set (160 self-generated
instances, seed range disjoint from all training and
tuning): mean gap %. RL raw has no fallback in this
table (the all-dev best-fixed fallback is reported in the
replication package). Combo gains with paired 95% CI.

RL raw bf-TN twbf-18 bbf-288 LSQ@5s

8.00 6.89 6.37 5.75 3.66

shell shell + RL gain [95% CI] (wins)
TWBF-18  6.18  +0.196 [+0.130,+0.271] (41/160)
BBF-288 5.64 +0.112 [+0.050, +0.190] (18,/160)

Table 14 Final set, exploratory: control arms composed into the shells (gain over
the shell alone, paired 95% CI; and paired gain difference vs the RL member).
Added after the final set was opened.

arm alone TWBEF gain [C]] BBF gain [CI]

RL policy ~ 8.00  +0.196 [+0.130,+0.271]  40.112 [+0.050, +-0.190]
rand-step ~ 8.32  +0.008 [+0.000,+0.019]  40.007 [+0.000, +-0.022]
freq-step 7.99  +0.039 [+0.015,+0.071]  40.034 [+0.000, 4-0.081]
stage-table  7.35  +0.275 [+0.195,+0.364]  40.148 [+0.065, +-0.255]

paired gain difference, control — RL:

rand-step 0187 [~0.259, —0.124]  —0.105 [—0.185, —0.041]
freq-step —0.156 [—0.231,—0.084] —0.078 [—0.167,+0.002]
stage-table +0.080 [+0.001,+0.162]  +0.036 [—0.056, +-0.131]

seeds among the published single methods (fifth including the portfolio), while the
composition gains remain positive and significant for every seed (Table 12). On the
untouched final set the picture replicates qualitatively (Table 13): the raw policy again
trails fixed rules (the all-dev best-fixed fallback reaches 5.92%, deployed 5.80%, fallback
rate 0.88), shell complementarity is again significant in the same direction (41 and
18 wins of 160), and budgeted search again dominates everything constructive (3.66%
at 5s/instance). The final-set evaluation of the key controls (Table 14) was added
after the final set was opened and is accordingly exploratory: RL again significantly
beats the random arm on both shells and the frequency-matched arm on TWBF-18
(on BBF-288 the frequency interval [—0.167,40.002] crosses zero, so no advantage is
detected there); the open-loop stage table catches up and marginally exceeds RL on
TWBF-18 (40.080 [4+0.001, +0.162])—the closed-over-open-loop advantage replicates
on the development set but not on the final distribution, and we say so.

5.8 Where the learned policy wins: a mechanism look

The 22 instances where the learned member improves on TWBF-18 span all three
benchmark families (12 NT, 5 BKW, 5 C), with gains from 0.2 to 5.0 points; eleven
of them (BKW02, C1P2, C7P2, N1A, N5D, N5E, N6B, N7C, T5D, T6D, T7B) also
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Fig. 4 Layouts on N1A: the TWBF-18 shell’s best member (left, H=226) vs the learned policy
(right, H=219).

improve on BBF-288, a stable cross-shell subset. These are not small-margin ties.
Figure 4 compares the final layouts on N1A (in the cross-shell subset); the layouts
differ structurally, but final layouts alone cannot evidence mid-pass behaviour, so we
restrict the claim to what the figure shows.

6 Limitations

(i) The raw learned constructor does not beat the best fixed configuration; the fourth-
place standalone figure belongs to a two-member fallback ensemble. (ii) Composition
gains are sub-half-point: statistically significant, practically modest. (iii) The learned
member is never cost-competitive with budgeted local search at any budget tested; our
cost claims are scoped to the compared implementations, data, and budgets. (iv) The
observation is a compressed summary (POMDP); the reward telescopes to the pre-
TR height, TR being an orthogonal shared postprocess. (v) An early pipeline version
admitted a +0.3-point scheduler-dependent jitter; all reported numbers regenerate
from the fixed-order pipeline, and the artefact is disclosed in the package. (vi) Family
holdout doubles as the development set for the ablation choices; the untouched final
set (Section 5.7) bounds this. (vii) Evaluation is construction-and-budgeted-search
only; long-run metaheuristics are a different cost class, not compared.

7 Conclusion

We asked what a learned controller adds when it composes classic strip-packing compo-
nents step by step, sharing the components, controlling the comparisons, and counting
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real compute cost. The evidence supports three layered conclusions. (1) Complemen-
tary value: the learned policy adds small but significant value to both published
enumeration shells, replicating across training seeds and on the untouched final
set. (2) Mechanism, development set: controls are consistent with state-dependent
closed-loop decisions driving the gain—the policy significantly outperforms random
switching, a stateless frequency-matched policy, and an open-loop stage table on both
shells. (3) Mechanism, final set: this mechanism advantage did not replicate there—
the open-loop stage table caught up (marginally ahead on TWBF-18, indistinguishable
on BBF-288)—so we do not claim a general closed-loop advantage, only that the com-
position gain itself is robust. Existence of a composition gain and the role of state
feedback are different claims; our evidence supports the first everywhere, and is con-
sistent with a role for state-dependent decisions on the development set (our controls
cannot establish necessity).

Equally central are the bounding facts: the raw policy trails the best train-selected
fixed configuration; the augmented BBF-288 shell (4.405%) is numerically below FH
but not significantly so, while a train-selected static 12-configuration portfolio from the
same component space reaches 4.238% at one tenth of the augmented shell’s compute;
and budgeted random-swap local search dominates bbf-288, FH, and both learning-
augmented variants on both axes at every budget tested. Where learned stepwise
composition adds value is now mapped precisely; so is where it does not. Replication
artefacts (instances, episodes, per-instance results, trained models, analysis scripts,
dated design log) accompany the paper.
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