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Abstract The HELM approach to hierarchical category modeling in multi-label image classification
relies on hierarchy-specific tokens within a Vision Transformer, a GraphSAGE operator, and
a self-supervised Build Your Own Latent (BYOL) branch to model category structure and
leverage unlabeled data. Here, we examine in more detail a recently published study on atten-
tion allocation within the model, and the introduction of attention diversity regularization
proposed there in order to improve its performance and insure that hierarchy-specific tokens
learn distinct representations. In addition, we investigate whether these tokens develop
spatially distinct attention patterns over the image. Despite the fact that the addition of
the regularization is able to enhance the diversity at the representation level, this leads to
significantly improved performance on only one of the three datasets used in our evaluation.
More importantly, it does not ensure this spatial specialization of the tokens. To support
reproducibility, we publish the code and the constructed label hierarchies.
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1 Introduction

Classification of diverse scenes in the field of remote sensing often requires assigning more than
one class to an image, as the same scene may belong to categories at different levels of abstraction.
Traditional multi-label classification approaches treat all categories as equally important and
mutually independent, overlooking the hierarchical structure that connects specific and general
categories.

The development of approaches able to incorporate domain knowledge about label relations is
impeded by the scarcity of labeled data. Manually annotating images across multiple hierarchical
levels simultaneously, requires considerable time and domain expertise. This makes fully supervised
learning difficult to apply in practice and motivates the development of semi-supervised approaches
that can leverage a small number of labeled examples alongside a large amount of unlabeled data.

HELM (Hierarchical and Explicit Label Modeling with Graph Learning) [10] is an architecture
that explicitly models the hierarchical structure of categories through three interconnected compo-
nents: a classification branch based on hierarchy-specific CLS tokens within a Vision Transformer
[4]; a graph learning branch that propagates information along the category hierarchy using the
GraphSAGE operator [3]; and a self-supervised learning branch based on the BYOL method [2],
which enables the utilization of unlabeled data.

The original HELM paper states that hierarchical-specific tokens “evolve into semantically
meaningful representations that represent specific categories”, but it does not explicitly evaluate
whether these tokens indeed develop different values and whether they also develop spatially
distinct attention patterns over the image. A recent study focused on reproducibility of HELM [7]
indicated that, without special care when it comes to initialization and the addition of diversity-
enhancing loss the hierarchy-specific tokens in do not learn distinct representations. Also they do
not develop spatially distinct patterns of attention over the image.

Here we conduct a thorough experimental evaluation of effects reported in [7], publishing
the code and label hierarchy for the different benchmark datasets used (at https://github.com/
FilipJosifljevic/hierarchical-remote-sensing), which was a limiting factor of the original
HELM paper by Stoimchev et al. [10]. Our experiments show that the addition of a regularizer,
aimed at enhancing diversity, to the loss function does not consistently improve performance and
that the networks is able to learn distinct representation for the category-specific tokens, contrary
to what was found in [7]. However, neither the extended nor the original approach ensure that the
category-specific tokens learn to attend to different regions in the input images. Further research
into the methods to achieving this is needed.

2 Method

Unlike the conventional approach, in which the category tree is manually encoded based on the
dataset classification, the hierarchical structure was derived directly from the binary category
matrix. For each pair of categories, we examined whether the set of images in which category
X is active constitutes a strict subset of the set of images in which category Y is active; if so, Y
was considered an ancestor of X in the hierarchy. The immediate parent of each category was
then determined as the ancestor with the smallest number of positive samples (i.e., the closest
corresponding superset). Using this procedure, the hierarchy was automatically reconstructed
to match the structure reported in Stoimchev et al.: four categories at the highest level, nine
intermediate categories, and seventeen leaf categories, resulting in a total of 30 nodes. An approach
based exclusively on subset relationships proved insufficient in two cases. First, sibling categories
that consistently co-occur in a small dataset (e.g., "sand" and "sea" in beach scenes) may falsely
appear as parent—child pairs. This was addressed by restricting the set of candidate ancestors
exclusively to known categorical nodes. Second, certain nodes cannot be distinguished based
solely on the data when they correspond to identical sets of positive samples in the dataset. This
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was addressed by explicitly adopting a part of the hierarchy from the CORINE [8] nomenclature,
according to which the data was originally categorized in [10].

Following the HELM approach, a pretrained vision transformer [1] was extended by adding M
learnable CLS tokens, where M corresponds to the total number of nodes in the hierarchy (M = 30).
These tokens, together with the image patch tokens, pass through the standard self-attention blocks,
allowing each token to evolve into a representation specific to its corresponding category. After
average pooling, these tokens are directly fed into the classification branch through a single fully
connected layer.

The hierarchy-specific tokens were, in the original approach by Stoimchev et al., initialized
by copying the pretrained CLS token of the base model M times, together with the corresponding
positional embedding. Josifljevi¢ observed that this initialization, when applied identically to
all tokens (i.e., using the same values and the same positional embedding), results in persistent
mathematical symmetry: the self-attention mechanism applies identical weights to all positions,
and identical input tokens consequently produce identical outputs at every layer of the network,
regardless of training. To address this problem he proposed adding a small, independent Gaussian
noise (o = 0.02) to the initial values of each token and its positional embedding. This successfully
breaks the symmetry while preserving the benefits of a warm start from the pretrained weights and
we have, therefore, employed this approach in all the experiments conducted in the present study.

The same representation of the hierarchy-specific tokens also serves as the initial node features
for the graph derived from the hierarchy, on which a GraphSAGE operator is applied. A semi-
supervised learning approach is used. The branch processes the entire batch, including both labeled
and unlabeled samples, while the loss function is computed only over the labeled samples. In
parallel, the BYOL branch uses patch tokens from two differently augmented views of the same
image, enabling learning from fully unlabeled examples as well.

The diversity loss introduced by Josifljevi¢ is detailed in the Supplemental Material (Section B).

Experiments and Results

The evaluation was conducted on three datasets: UC Merced Land Use dataset extended with
hierarchical multi-label categories (UCM-HMLC) [11] ; Aerial Image Dataset (AID) [6] ; and the
DFC15 dataset [5] , which is a multi-label remote sensing image classification benchmark derived
from the 2015 IEEE GRSS Data Fusion Contest [9] dataset. The details of the datasets used and the
construction of the corresponding label hierarchies are provided in Section A.

Rather than following the approach of Stoimchev et al. who evaluate the model by varying
the proportion of labeled data we limit our experiments to 10% labeled data in the training set,
with the remaining samples treated as unlabeled and utilized exclusively through the graph and
self-supervised branches.

A standard, supervised ImageNet-pretrained ViT-Base model was used as the encoder backbone
and further trained for 100 epochs using the AdamW optimizer with a cosine annealing learning
rate schedule (initial learning rate 1 X 10~%) and a batch size of 16. Training was performed using
an NVIDIA V100 GPU.

Following the metrics reported by Stoimchev et al, the results were evaluated using AUPRC
(area under the precision-recall curve), macro-averaged across all 30 categories, and the ranking
loss metric. Both metrics were computed on the fully labeled test set.

Contrary to the findings in [7], the baseline no longer overfits, improving smoothly across all
100 epochs, and seems to outperform the diversity-loss variant on the AID and DFC15 datasets as
shown in Table 1. However, t-tests conducted on the sequences of results obtained for these two
datasets indicate that the differences between the two approaches are not statistically significant.
However, on UCM-HMLC the diversity loss does result in significantly increased performance.

Direct re-measurement of attention allocation of the trained models shows that the routing
loophole previously identified by Josifljevi¢ (hierarchy tokens directing the majority of their
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Figure 1: Spatial attention patterns for the “cars” and “trees” category tokens.

Table 1: AUPRC and Ranking Loss comparison across training configurations (10% labeled data, 100
epochs, cosine schedule, supervised backbone, mean + std over 3 seeds unless noted)

Dataset Configuration A Final AUPRC Best AUPRC  Final Ranking Loss
UCM-HMLC Baseline - 0.9361+0.0130 0.9386 + 0.0129 0.0212 + 0.0009
UCM-HMLC  + Diversity loss 0.1  0.9318 £ 0.0136  0.9359 + 0.0130 0.0217 £ 0.0018
UCM-HMLC  + Diversity loss 0.7 0.9403 + 0.0080 0.9406 + 0.0079 0.0210 + 0.0040
AID Baseline - 0.8724+0.0158 0.8729 = 0.0157 0.0205 £ 0.0005
AID + Diversity loss 0.1  0.8631 +£0.0124  0.8641 + 0.0113 0.0207 £ 0.0010
AID + Diversity loss 0.7 0.8464 +0.0106  0.8467 + 0.0104 0.0228 + 0.0017
DFC-15 Baseline - 0.9109 £ 0.0090 0.9114 + 0.0097 0.0249 + 0.0035
DFC-15 + Diversity loss 0.1  0.8989 + 0.0070  0.9045 + 0.0023 0.0256 + 0.0024
DFC-15 + Diversity loss 0.7 0.8934 + 0.0106  0.9035 + 0.0055 0.0265 + 0.0041

attention toward other hierarchy tokens rather than the input image) no longer occurs. All
measured tokens now allocate the substantial majority of their attention to image patches. However,
qualitative and quantitative inspection of the resulting attention maps reveals that this does
not correspond to the genuine spatial specialization the loss was designed to induce. Tokens
corresponding to semantically distinct categories continue to converge on an identical spatial
region of the input image (as shown in Figure 1, with pairwise cosine similarity between per-token
attention distributions at its theoretical maximum.

Conclusion

We conducted a detailed study of the effect of introducing explicit diversity loss to combat the
problem with attention allocation observed in the Hierarchical and Explicit Label Modeling with
Graph Learning for Multi-Label Image Classification approach. Although a recent, more limited
study, indicated that such a modification could be beneficial, our results show that it does not affect
performance with statistical significance across the board, but is decidedly beneficial on one of the
datasets evaluated on. We publish all the code used in the study, as well as the constructed label
hierarchies. Together with already available datasets used, these make our results fully reproducible.
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A Datasets and Label Hierarchy Construction

The UCM-HMLC contains 2,100 images distributed across 21 classes. The hierarchical anno-
tation comprises a total of 30 nodes—17 leaf nodes, 9 intermediate categories, and 4 top-level
categories—derived from the CORINE land cover classification. The dataset was split into 1,667
training images and 433 test images, following the split reported in the original work.

The AID dataset comprises 3,000 images distributed across 30 scene categories, annotated with
a subset of 17 leaf-level labels identical to those used in UCM-HMLC. Given this identical leaf
vocabulary, the hierarchical structure derived for UCM-HMLC was reused directly for AID, rather
than inferred independently, since the two datasets’ leaf categories and the overall shape of the
hierarchy (30 nodes: 17 leaves, 9 intermediate categories, 4 top-level categories) were confirmed
to match exactly. The dataset was split into 2,400 training images and 600 test images, same as
reported in the original work.

The DFC15 dataset comprises 3,342 images annotated with 8 leaf-level labels (impervious
surfaces, water, clutter, vegetation, building, tree, boat, and car), derived from the 2015 IEEE GRSS
Data Fusion Contest imagery. Unlike AID, DFC15’s leaf vocabulary differs entirely from UCM-
HMLC’s. The original work constructs a three-level hierarchy for this dataset by mapping its
categories to the CORINE Land Cover nomenclature, supplemented with LLM-assisted mapping
and manual validation where direct CORINE mapping was infeasible, yielding 17 total nodes across
three levels (3 top-level, 7 intermediate, 8 leaf categories). Unlike UCM-HMLC, whose full hierarchy
(including exact category names and parent-child structure) is disclosed via an explicit diagram in
the original paper, and which AID reuses directly, no detailed information is provided for DFC15,
and the accompanying configuration files were not yet publicly available at the time of this work.
Moreover, even had the CORINE-mapped categories been disclosed, the LLM-assisted mapping
step used for categories without a direct CORINE correspondence is not a deterministic process
and could not be reliably reproduced by independently repeating it.

In the absence of this information, we constructed DFC15’s hierarchy independently, using the
subset-relationship method described in Section 2, applied with a relaxed containment threshold
(0.95 rather than a strict 1.0) to account for small amounts of real annotation noise between concep-
tually related categories. This produced a substantially shallower structure than the one described
by Stoimchev et al.: 8 nodes across two levels, with four top-level categories (impervious surfaces,
water, vegetation, clutter) and four leaf categories nested directly beneath them (building and car
under impervious surfaces; boat under water; tree under vegetation), omitting the intermediate
level entirely, and consequently reducing the total node count from 17 to 8. As a result, DFC15
results reported in this work are not directly comparable to those reported in the original paper,
but are fully reproducible. The dataset was split into 2,673 training images and 669 test images,
following the split reported by the dataset’s original authors.

B Diversity Loss

To directly encourage spatial diversity, in [7] an auxiliary loss was introduced that penalizes the
similarity between the attention distributions of different tokens over the image patch tokens:

1 a;-a;
v = S 1) 24 Tl T
The weight (1) controls the contribution of this auxiliary loss to the model’s overall loss function,
and in the experiments it was set to a relatively small value so as not to compromise the primary
objectives of classification and graph learning. The effect of this loss on the spatial distribution
of attention is illustrated using the example of the “cars” and “trees” category pair in Figure 1. M
represents the number of hierarchy tokens, with i and j ranging over all pairs of distinct tokens
(i # j, so that a token’s trivial self-similarity of 1 is excluded from the sum). For each token, a;



denotes its attention distribution over the image’s patch tokens, a vector giving the amount of

attention allocated to each individual patch. The term % is the cosine similarity between two
i j

such vectors, and the leading factor m normalizes the sum over all M(M — 1) such pairs into
a mean. Lg;, thus represents the average pairwise cosine similarity across all hierarchy tokens’
attention distributions.

Table shows the effect of different A values on the performance of the approach, for the UCM-
HMLC data set. The best performance is achieved for a fairly large value (0.7), suggesting that the
simpple diversity loss contributes more than other, more sophisticated loss terms.

Table 2: Effect of the diversity-loss weight A on UCM-HMLC, compared against the no-diversity-loss
baseline (10% labeled data, 100 epochs, cosine schedule, mean =+ std over 3 seeds)

A Final AUPRC Best AUPRC Final Ranking Loss
Baseline (no loss) 0.9361 + 0.0130  0.9386 + 0.0129  0.0212 + 0.0009
0.2 0.9320 £ 0.0065  0.9344 +£ 0.0060  0.0232 £ 0.0028
0.3 0.9345 £ 0.0142  0.9358 £ 0.0142  0.0220 + 0.0031
0.4 0.9365 £ 0.0111  0.9370 £ 0.0104  0.0229 + 0.0014
0.5 0.9291 £ 0.0136  0.9385 £ 0.0041  0.0236 £ 0.0027
0.6 0.9357 £ 0.0081  0.9372 £ 0.0068  0.0224 £+ 0.0017
0.7 0.9403 + 0.0080 0.9406 = 0.0079 0.0210 + 0.0040
0.8 0.9348 +£ 0.0105 0.9380 £ 0.0129  0.0234 + 0.0021

0.9

0.9350 + 0.0051

0.9387 £ 0.0070

0.0223 £+ 0.0022
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