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Abstract Hierarchical multi-label classification (HMLC) of satellite images is usually studied on
purpose-built hierarchies, because hierarchy-annotated archives are scarce. BigEarthNet
is an exception: its 43 leaf classes are CORINE Land Cover level-3 classes and its 19-class
nomenclature is published with the archive. We describe ben-hmlc-bench, a benchmark
that puts six flat and hierarchy-aware models through one backbone, one output contract
and one scoring path on 519,284 official-split patches under two hierarchies, BEN-43 and
BEN-19, scored with hierarchical metrics and four hierarchy-consistency corrections. Its
flagship experiment extends the four supervised variants of HELM (Stoimchev et al., 2026a)
to BigEarthNet under HELM’s own protocol, with equivalence tests against HELM’s code.
Inside HELM’s family only the graph term raises leaf accuracy, and HELM’s full supervised
model is indistinguishable from its graph variant; both beat our flat control somewhere
on micro-F1, never on AUPRC, and depth-weighting’s lead over it is a schedule difference
that does not survive matching. The corrections make the flat control hierarchy-consistent
without improving a model already trained on every node, and the smaller of the two
hierarchies is the harder one to keep consistent. All runs are fully supervised.

1 Introduction

Land cover is described by nomenclatures that are hierarchical by design: CORINE Land Cover
(CLC) arranges its classes in nested levels (Feranec et al., 2016), and a Sentinel-2 patch usually
carries several classes, the setting of hierarchical multi-label classification (HMLC). A prediction
that marks a patch Coniferous forest but not Forests violates the hierarchy, which is why hierarchical
metrics and hierarchy-consistency corrections belong in the evaluation. HELM, for Hierarchical
and Explicit Label Modeling (Stoimchev et al., 2026a), reports gains over flat multi-label baselines
on eight datasets that it also equipped with hierarchies.

Two limits temper what such results say about Earth observation. First, HELM’s hierarchies
were built by mapping classes onto CLC or a clinical taxonomy, with the remaining placements
queried from an LLM and checked by hand (Stoimchev et al.,, 2026a). Second, HELM’s largest
dataset, PadChest, holds 121,230 images (Stoimchev et al., 2026a). BigEarthNet (Sumbul et al., 2019)
removes both limits: its 43 leaf classes already are CLC level-3 classes (BEN-43) and its 19-class
nomenclature (BEN-19) is published with the archive (Sumbul et al., 2021), while its official split
covers 519,284 patches, 4.3x PadChest. We use the BEN-43 and BEN-19 hierarchies assembled
for HMLC on land cover in earlier work (Stoimchev et al., 2026b). Flat multi-label benchmarks
on BigEarthNet are well established (Dimitrovski et al., 2023), but none of them scores hierarchy
consistency.

We describe ben-hmlc-bench; its flagship experiment is HELM on BigEarthNet. The six com-
pared models are our flat control (Leaf BCE), HELM’s leaf-only variant (MLC), Depth-weighted
BCE over all nodes (Stoimchev et al., 2026b), and HELM’s HMLC, HELMy and HELM-SL. All six
share one backbone (ViT-B/16), one output contract, one scoring path, the same labeled subset and
the same three seeds. Inputs are RGB, as in HELM.
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Table 1: The two BigEarthNet label hierarchies, over the same images. Patches: the official v1.0
train/validation/test split. Depth is 0-indexed (roots = 0); leaf depths are listed as count@depth.

Hierarchy Patches Nodes Leaves Roots Edges Leaf depth

BEN-43 519,284 63 43 5 58 uniform
BEN-19 519,284 27 19 5 22 wvariable (10@1, 9@2)

2 Related work

Hierarchy-aware image classifiers either translate the hierarchy into the network architecture
(Noor and Robles-Kelly, 2024) or embed it in the objective, through an output layer that enforces
parent—child consistency (Giunchiglia and Lukasiewicz, 2020) or a contrastive objective defined
over the hierarchy (Zhang et al., 2022). A third line models the label set as a graph over label
co-occurrence, not the hierarchy (Chen et al., 2019). HELM is where these lines meet: it equips
eight public image datasets with hierarchies built for the study, none of them at BigEarthNet’s scale
(Stoimchev et al., 2026a). HELM is the point of departure for the benchmark described here.

BigEarthNet annotates Sentinel-2 patches with CORINE Land Cover level-3 classes (Sumbul
et al., 2019), a nomenclature nested by construction (Feranec et al., 2016): BEN-43’s leaves are
taxonomy classes, not a mapping made for an experiment. A coarser nomenclature published with
the archive supplies the label set behind BEN-19 (Sumbul et al., 2021). A refined release, reBEN,
provides corrected patches and new splits (Clasen et al., 2025); the label tables and official split used
here are the original archive’s. Both hierarchies were assembled from these nomenclatures and
released as the first HMLC benchmarks in remote sensing (Stoimchev et al., 2026b), with that work’s
all-node objective, hmlc_net, reported ahead of a flat multi-label baseline. Hierarchical evaluation
gives partial credit for near misses (hierarchical precision, recall and F1 under ancestor closure
(Kiritchenko et al., 2005)), and hierarchy violations can be penalised during training (Wehrmann
et al., 2018). We add HELM’s variants, put flat and hierarchy-aware models through one protocol
on both hierarchies, and report hierarchy consistency.

3 Benchmark and protocol

We use BigEarthNet-S2 v1.0 (Sumbul et al., 2019), bands B04/B03/B02 resized to 224 px. The official
split gives 269,695/123,723/125,866 train/validation/test patches (519,284). Its lists exclude seasonal-
snow, cloud- or shadow-covered, and no-19-class-target patches; we merge duplicated Pastures and
Water bodies label-table columns (Stoimchev et al., 2024b,a). BEN-43’s leaves are 43 of the CORINE
Land Cover level-3 classes present in BigEarthNet (Feranec et al., 2016); BEN-19’s are the published
19-class nomenclature (Sumbul et al., 2021), grouped as in its label table (Stoimchev et al., 2024a).
They differ in shape (Table 1) and exist in four formats: JSON, edge list, CLUS+ paths (Vens et al.,
2008), HELM dataset config.

Six models differ in how the hierarchy enters training. Leaf BCE, our flat control, is a timm
ViT-B/16 (Dosovitskiy et al., 2021) with one multi-label head, trained on the leaf columns alone.
Depth-weighted trains that backbone under hmlc_net’s objective (Stoimchev et al., 2026b): BCE
over every node, weighted w, = W(t;lep ™ with wo = 0.75. It keeps hmlc_net’s cosine schedule where
the others use HELM’s OneCycle, so it is trained under both, and every number we report for it
names the schedule. The other four instantiate HELM’s own classes: MLC, its leaf-only variant,
puts the same leaf loss on a per-label-token ViT whose token bank is sized to the leaves; HMLC
puts unweighted BCE on every node; HELM, adds a two-layer GraphSAGE (Hamilton et al., 2017)
over the hierarchy edges to the node logits; and HELM-SL, HELM’s full supervised model, adds its
BYOL branch on two views of each labeled patch. Fairness is enforced: all six share one backbone
(ViT-B/16, HELM’s own checkpoint, stochastic depth off), one (B, nyodes) output contract, one



Table 2: Supervised test results on the official split, raw scores: leaf AUPRC (macro) and leaf micro-F1,
mean + sample std over 3 seeds. No cell is bold: no column extremum’s 3-seed range is

disjoint from every rival’s.

Model BEN-43 BEN-19

AUPRCT F17 AUPRC?T F17
Leaf BCE 0.646 + 0.005  0.774 + 0.001  0.807 + 0.001  0.785 = 0.002
MLC 0.626 £ 0.005  0.771 +0.001  0.793 + 0.003  0.782 = 0.002
Depth-weighted (cosine) ~ 0.657 + 0.006  0.779 + 0.001 ~ 0.804 + 0.006  0.788 + 0.002
HMLC 0.632 £0.001 0.773 +£0.001  0.793 £ 0.002  0.782 + 0.001
HELM, 0.639 £ 0.004  0.777 + 0.002  0.804 + 0.001  0.789 + 0.0002
HELM-SL 0.638 £0.013  0.777 + 0.001  0.802 + 0.005  0.789 + 0.001

scoring path, one labeled subset, one optimiser (AdamW, base LR 1e-4; gradient clipping 1.0)) and
HELM’s weak augmentation (flips, blur), each pinned by tests. No model starts from a pretrained
positional encoding: HELM’s ViT declares its own, so the two timm ViTs are aligned with HELM.

The supervised protocol is identical to HELM’s (Stoimchev et al., 2026a). Thirteen equivalence
tests pin hierarchy machinery, label extension, head arithmetic and 16 metrics to HELM’s own
functions. Headline metric is HELM’s leaf AUPRC on raw scores, macro-averaged; we report leaf
micro-F1. We add hierarchical precision/recall/F1 (hP/hR/hF) under ancestor closure (Kiritchenko
et al,, 2005) and a per-edge violation rate, at leaf, all-node and per-level scopes; thresholded metrics
use a 0.5 threshold. Every model is scored under four hierarchy-consistency corrections (raw,
max-constraint (Giunchiglia and Lukasiewicz, 2020), min-constraint, leaf-propagate), reported
separately. Each cell is three seeds; early stopping on validation leaf micro-F1 ended every run at
11-20 epochs (mean 14.4). At batch 64, validation is once per epoch (4,213 steps) for every model.
One GPU per run; the 36-run grid and it took 114.2 GPU-hours on four RTX 4090s.

Results

Table 2 reports leaf AUPRC and micro-F1 on the official test split, three seeds per cell as mean +
sample std. We count one model as above another only where their three-seed ranges are disjoint,
and call them comparable otherwise.

Inside HELM’s own family, which shares one schedule, one initialisation and one codebase, only
the graph term buys leaf accuracy. HELM, reaches 0.639 + 0.004 leaf AUPRC against MLC’s 0.626
+ 0.005 on BEN-43, and 0.804 + 0.001 against 0.793 + 0.003 on BEN-19. Training on every node
without the graph does not: HMLC is comparable to MLC (0.632 + 0.001, 0.793 + 0.002). Stacking
HELM’s BYOL branch on top of the graph then buys nothing we can measure, since HELM-SL is
indistinguishable from HELM, in all four headline cells (0.638 + 0.013 and 0.777 + 0.001 on BEN-43,
0.802 + 0.005 and 0.789 + 0.001 on BEN-19), though it does clear HMLC in three of them. Its BEN-43
AUPRC spread, 0.013 against HELM,’s 0.004, is the widest in the table.

That ordering does not survive contact with the flat control. None of the four HELM variants is
above Leaf BCE on AUPRC on either hierarchy. On micro-F1 two of them are, HELM, on BEN-19
and HELM-SL on both, and after leaf-propagate the same two are above Leaf BCE on BEN-19 hF
(Figure 1). Which model comes out ahead therefore depends on the metric being read.

Depth-weighted alone keeps its upstream cosine schedule where the others use OneCycle, so
its row contrasts two published recipes. Re-trained on OneCycle over the same three seeds, its
BEN-43 leaf AUPRC drops from 0.657 + 0.006 to 0.642 + 0.008. Matched that way it beats Leaf BCE
nowhere: comparable on BEN-43, below on both BEN-19 metrics (0.799 + 0.006 against 0.807 +
0.001 AUPRC, 0.782 =+ 0.0002 against 0.785 + 0.002 micro-F1).
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Figure 1: Hierarchy consistency, test split. On hF, max-constraint equals raw by construction. Shaded:
Leaf BCE, MLC, scored after leaf-propagate only. Bars: sample std, n = 3.

A model already trained on every node leaves the corrections little to repair (Figure 1). Raw
per-edge violation rates for the all-node models run from 0.0010 + 0.0002 to 0.0027 + 0.0005, and the
largest of the four lowers rather than raises what it touches: leaf-propagate takes HELM,’s BEN-43
hF from 0.835 + 0.001 to 0.828 + 0.002, while every correction but raw zeroes the violation rate by
construction. The corrections earn their place on the flat models instead. Leaf BCE and MLC train
nothing above the leaves, so leaf-propagate is the only one that gives them hierarchical scores;
scored that way, Leaf BCE reaches 0.826 + 0.001 on BEN-43, comparable to HELM, and above
MLC’s 0.823 + 0.002, and 0.832 + 0.002 on BEN-19, below HELM,’s 0.837 + 0.001 and HELM-SL’s
0.836 + 0.001. The corrections make a flat model usable on a hierarchy; they do not improve one
already trained on it.

The smaller of the two taxonomies is then the harder one to keep consistent, on the same
images. The all-node models violate a larger fraction of parent-child pairs on BEN-19 than on
BEN-43 — HELMy, 0.0017 + 0.0002 against 0.0012 + 0.00001 - although BEN-19 has 22 edges to
BEN-43’s 58. Fewer edges are therefore not easier edges, and one hierarchy alone would have told
half of this.

Conclusion and further work

ben-hmlc-bench puts six flat and hierarchy-aware models through one protocol on two BigEarthNet
hierarchies, scored with hierarchical metrics and four consistency corrections. The corrections
do their work on the flat model, making it usable on a hierarchy without improving one already
trained on it. The hierarchy itself does not pay: inside HELM’s family only the graph term buys
leaf accuracy, no HELM variant clears the flat control on AUPRC though two do on micro-F1,
and depth-weighting’s apparent lead is a schedule difference that does not survive matching. The
archive is the likely reason: half a million labelled patches leave little for a hierarchy to add, and
like multi-label learning over binary relevance, or semi-supervision, it earns its keep when labels
are scarce and overfitting binds. Further work is a learning curve testing this, at n times the number
of labels for n of 10, 20, 50, 100, 200, 500 and 1000, all labels equally represented, on the same splits.
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