This WACYV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Semi-Supervised Hierarchical Open-Set Classification

Erik Wallin'?, Fredrik Kahl?, Lars Hammarstrand?
'Saab AB, >Chalmers University of Technology

{walline, fredrik.kahl, lars. hammarstrand}@chalmers .se

Abstract

Hierarchical open-set classification handles previously
unseen classes by assigning them to the most appropri-
ate high-level category in a class taxonomy. We extend
this paradigm to the semi-supervised setting, enabling the
use of large-scale, uncurated datasets containing a mix-
ture of known and unknown classes to improve the hier-
archical open-set performance. To this end, we propose a
teacher-student framework based on pseudo-labeling. Two
key components are introduced: 1) subtree pseudo-labels,
which provide reliable supervision in the presence of un-
known data, and 2) age-gating, a mechanism that mitigates
overconfidence in pseudo-labels. Experiments show that
our framework outperforms self-supervised pretraining fol-
lowed by supervised adaptation, and even matches the fully
supervised counterpart when using only 20 labeled sam-
ples per class on the iNaturalist]9 benchmark. Our code
is available at https://github.com/walline/
semihoc.

1. Introduction

Out-of-distribution (OOD) detection is important for de-
ploying deep learning in real-world settings. Most prior
work studies the binary case, where a model is trained on a
set of in-distribution (ID) classes, and the test-time task is to
detect any sample not belonging to these classes [6, 14, 32].

More recently, researchers have explored the hierarchi-
cal setting of OOD detection [12, 24, 35], in which the ID
classes are organized according to a known taxonomy or
tree structure, and OOD samples that belong somewhere in
this hierarchy (but not in the leaf ID classes) should be clas-
sified as the correct internal category. This setting, some-
times referred to as hierarchical novelty detection (HND),
provides more informative OOD predictions than binary re-
jection. However, the problem is considerably more chal-
lenging, as it effectively becomes a multi-class classifica-
tion problem over internal categories for which no labeled
training data are available.

In parallel, works in domains such as open-set semi-
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Figure 1. Semi-supervised hierarchical open-set classification.
The goal is to predict data from the open-world distribution (gray)
to the appropriate hierarchy nodes.

supervised learning [4, 34] and semantically coherent OOD
detection [19, 36] have shown that OOD detection can ben-
efit from exposing the model to OOD samples in the unla-
beled training data. This raises the question: if real-world
data inherently contain a mix of both ID and OOD sam-
ples, why not leverage these data to improve performance?
Motivated by this, we introduce semi-supervised hierarchi-
cal open-set classification, a new problem setting that com-
bines HND with the semi-supervised paradigm (see Fig. 1).
We aim to explore both the opportunities and the challenges
that arise in this setting.

From our investigations, we found that a key challenge
is that standard confidence-based pseudo-labeling is unre-
liable when assigning OOD data to high-level categories,
as OOD samples are difficult to distinguish from uncertain



ID samples. To address this, we introduce subtree pseudo-
labels which, when assigned, indicate the likely member-
ship within a specific subtree, without committing to a spe-
cific class, be it ID or OOD. This approach provides a more
robust supervision signal for OOD samples.

Furthermore, we observe that OOD samples tend to
receive increasingly deep pseudo-labels as training pro-
gresses, eventually overshooting the correct internal node
and confusing it with some overly specific category. To
counter these overpredictions, we propose age-gating: a
mechanism that prevents pseudo-labels that are assigned
unexpectedly late during training.

We integrate subtree pseudo-labels and age-gating into a
teacher-student framework for semi-supervised hierarchical
open-set classification, which we call SemiHOC. Experi-
ments demonstrate that SemiHOC outperforms the baseline
of self-supervised pretraining followed by supervised adap-
tation. Notably, on the iNaturalist19 benchmark, SemiHOC
matches the performance of full ID supervision while using
only 20 labels per class.

Our main contributions are as follows:
We introduce semi-supervised hierarchical open-set clas-
sification, which extends HND to the semi-supervised set-
ting, where the unlabeled data contain both ID and OOD
samples.
We identify two key challenges of this setting: 1) reli-
able pseudo-labeling of OOD data and 2) accumulation
of overconfidence for OOD data, and address these with
our subtree pseudo-labels and age-gating.
We present SemiHOC, a teacher-student framework for
semi-supervised open-set classification that integrates
subtree pseudo-labels and age-gating, and show that it can
match a fully supervised baseline with only a small num-
ber of labels per class.

2. Related work
2.1. OOD detection

OOD detection is a well-studied problem in deep learning.
In its most common form, a model is trained on a set of
in-distribution (ID) classes; during deployment, the goal is
to detect inputs that do not belong to any of these classes
[6, 14, 18, 37]. The standard paradigm addresses this in a
binary fashion: a sample is either ID or OOD, disregard-
ing semantic similarities between the OOD data and the ID
classes. In contrast, the hierarchical settings of HND and
this work allow for more informative predictions by assign-
ing OOD samples to the most appropriate internal node of
a given class hierarchy.

2.2. Class hierarchies for classification

Many classification problems involve classes that can be or-
ganized into a hierarchy, such as biological taxonomy or
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product categorization. A common approach is to train
models that optimize hierarchical metrics, such as tree dis-
tances or hierarchical precision [I, 5, 810, 15]. These
methods account for the severity of classification errors
within the hierarchy but assume that all test samples belong
to known classes, and thus do not address OOD data.

2.3. OOD detection with class hierarchies

Several works have addressed the classification of OOD
samples as internal nodes in a class hierarchy [12, 16, 23,
24, 27, 35]. This setting has been referred to as hierar-
chical novelty detection [12], hierarchical OOD detection
[35], and fine-grained openset detection [24]. We use the
term hierarchical open-set classification, which better fits
the semi-supervised setting where the unknown classes ap-
pear in the unlabeled data (i.e., they are not fully novel),
and highlights that the goal is classification of unknown
classes rather than binary rejection. There are two baseline
approaches for this problem: top-down and flattening.

In the top-down approach [12, 16], local classifiers and
OOD detectors are placed at each internal node in the hi-
erarchy. At inference time, the model traverses from the
root, predicting at each node whether the sample is locally
OOD based on a thresholded score. The sample is assigned
to the deepest node before exceeding the threshold. While
intuitive, this approach has the drawback of requiring tuned
thresholds for each OOD detector, which is impractical in
real-world scenarios without access to labeled OOD data.

The flattening approach [12, 23, 27] instead trains a sin-
gle flat classifier to directly predict among both ID leaf
classes and internal OOD nodes. Since no OOD train-
ing data are available for the internal nodes, the usual
workaround is to use data from descendant ID classes as
a proxy. However, this may poorly represent the true distri-
bution of OOD samples at internal nodes.

More recently, methods that more explicitly leverage the
hierarchical structure have been proposed in ProHOC [35]
and State-FGOD [24]. ProHOC utilizes the class hierarchy
to factorize the distribution of predictions, such that each
prediction becomes a product of conditional probabilities
corresponding to the path from the root to the predicted
node. The conditional distributions are modeled from ID
classification networks trained at different levels of the hi-
erarchy. State-FGOD proposes a state-based representation
in which a network is trained to predict logits for each node
in the hierarchy. The logits corresponding to valid states
(paths in the class hierarchy) are multiplied and transformed
to a predictive distribution using the softmax function.

A drawback of many existing methods for hierarchical
novelty detection is their reliance on bias parameters to set
the trade-off between ID and OOD performance. These bi-
ases are difficult to tune in practice without access to labeled
OOD data. In this work, we therefore build on the ProHOC



methodology, which is designed to avoid such tuning.

2.4. Unlabeled ID/OOD exposure

OOD detection is motivated by the fact that real-world data
often contains samples outside the target classes. Yet most
traditional approaches assume access only to ID data during
training, treating OOD detection purely as a test-time task.
If, however, real-world data contain both ID and OOD, it
is natural to exploit such unlabeled and uncurated data to
improve both ID classification and OOD detection.

Recent research directions address this more realistic
setting by leveraging an unlabeled mix of ID and OOD
data during training. Examples include semantically co-
herent OOD (SC-OOD) detection [19, 36], open-set semi-
supervised learning (OsSSL) [4, 13, 20, 34], and open-
world semi-supervised learning (OwSSL) [2, 17, 25, 26].

SC-OO0D detection highlights that many benchmarks use
distinct datasets for ID and OOD, disregarding any seman-
tic overlap between these datasets. For example, dogs
from Tiny ImageNet are treated as OOD when the model is
trained on CIFAR-10, which also contains dogs. SC-OOD
trains on an unlabeled mix of both datasets, enabling the
model to recognize overlapping categories as ID.

OsSSL assumes a small labeled ID set and a larger unla-
beled mix of ID and OOD data, leveraging the unlabeled
data to improve both ID classification and OOD detec-
tion. OwSSL has a similar data setup to OsSSL but dif-
fers in goal: OwSSL aims not only to detect OOD sam-
ples, but also to classify them into distinct classes. How-
ever, OWSSL typically relies on strong assumptions, such
as balanced OOD class distributions or a known number of
OOD classes, which limit its practicality.

Our work also utilizes an unlabeled ID/OOD mix but dif-
fers from existing approaches by:

* incorporating relationships between classes through a
class hierarchy,

performing OOD classification as opposed to binary de-
tection, predicting OOD as internal categories of the hier-
archy, and

making no assumptions about the number or distribu-
tion of OOD classes, some categories may have abundant
OOD data, others none.

3. Semi-supervised hierarchical
open-set classification

3.1. Problem formulation

We consider a labeled training set with samples from do-
main X with classes C'¢. These classes form the leaf nodes
of a known directed rooted tree (hierarchy) H with node set
C such that C'¥ C C. The labeled set is drawn from the ID
distribution p'Y(x, y) where € X is the data and y € C'4
is the label. The unlabeled training set and the test set
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are drawn from an open-world distribution p°*"(z, y) with
y € C for which we only observe x € X. Thus, p°P*" covers
both ID samples (y € C'¢) and OOD samples (y € C \ C'9),
where OOD labels correspond to internal nodes of H. Our
objective is to learn a classifier, f : X — C, that predicts
the correct node in H: a leaf if the sample belongs to an ID
class, or the appropriate internal node if the sample is OOD.

3.2. ProHOC

This work builds on ProHOC [35], a method for HND
trained with labeled data from p'¢ and evaluated on the
open-set distribution p°®*". ProHOC uses depth-specific
classification networks, one per hierarchy depth, each
trained with standard cross-entropy using ID data whose la-
bels are remapped to their ancestors at the specified depth.
The depth-specific predictions are fused into a hierarchical
distribution by modeling conditional probabilities at each
internal node, based on the confidences and entropies of the
depth-specific predictions. This yields a probability distri-
bution over the union of all possible OOD predictions (in-
ternal nodes) and ID classes (leaf nodes). In this work, we
use ProHOC’s hierarchical predictions for pseudo-labeling,
and we use these pseudo-labels to train the depth-specific
classification models with standard cross-entropy losses.

3.3. Pseudo-labeling

A core technique for semi-supervised learning is pseudo-
labeling [11]: using unlabeled samples with high-
confidence predictions as training data. This requires a cor-
relation between the prediction confidence and the accu-
racy, allowing us to assign pseudo-labels with high preci-
sion. This correlation is established for the ID case [30],
but does not necessarily need to hold for OOD predictions
in hierarchical open-set classification.

In the top panel of Fig. 2, we look at the accuracies as a
function of confidence for predictions from a fully trained
ProHOC model on iNaturalist19, where ID predictions (leaf
nodes) and OOD predictions (internal nodes) are separated.
For data predicted as an ID class, we see a clear correlation
between prediction confidence and accuracy, indicating that
these predictions can be used for pseudo-labeling. However,
for data predicted as an internal node, there is no such cor-
relation, making the naive application of confidence-based
pseudo-labels unfit for these predictions.

However, as shown in Fig. 3, when analyzing mistakes
for samples predicted as OOD, specifically by looking at the
distances from the predictions to the ground truth, decom-
posed into overprediction and underprediction, we see that
59.2% of samples have an overprediction distance of zero,
meaning these are predicted as the correct node or an ances-
tor of the correct node. The most common being predicting
the parent of the ground truth node, which occurs in 39.9%
of OOD predictions.
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Figure 2. Average accuracy as a function of prediction confidence
for samples predicted as ID and OOD. The shaded regions show
the corresponding confidence histograms. The subtree confidence
enables pseudo-labeling for OOD-predictions by achieving high
accuracy for high-confidence predictions.

Motivated by these findings, we propose a new type of
pseudo-labels for hierarchical open-set classification: sub-
tree pseudo-labels (SPL). A subtree pseudo-label for a node
in the hierarchy says that the sample likely belongs to the
subtree starting from this node, i.e., the sample is either
OOD at this node or one of the descendant nodes, or be-
longs to one of the descendant leaves. Formally, we define
the subtree as

Subtree(c) = {¢’ € C | ¢ is a descendant of c oris ¢}, (1)

where C is the set of nodes in the class hierarchy H.

The confidence used for SPLs is calculated by summing
the predicted probabilities, p(c|z), belonging to the subtree.
As shown in the bottom panel of Fig. 2, subtree confidence
enables high accuracy at high confidence for OOD (non-
leaf) predictions, allowing us to assign these less specific
but more robust SPLs with high precision.

Samples get the subtree pseudo-label if the confidence
exceeds a threshold, 7. The subtree pseudo-labels can be
formulated as

Ye = > T,

plclz) 2)

>

¢’ €Subtree(c)

such that ¢,, = 1 if the condition holds and zero otherwise.
We denote the set of subtree pseudo-labels for a sample §.

3.4. Overpredictions of OOD data

It is known from prior work on OsSSL [4] that apply-
ing standard confidence-based pseudo-labeling to unlabeled
data containing unseen classes eventually causes the un-
known samples to be assigned to their most similar ID
classes. For hierarchical open-set classification, this risk
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Figure 3. Distances (the number of of edges in ) to the ground
truth for data predicted as OOD (internal nodes), displayed as per-
centages. LCA denotes the Lowest Common Ancestor of the pre-
diction and the ground-truth.

is even greater, as the unknown classes can appear deep in
the hierarchy and thus be semantically and visually close
to the ID classes. Moreover, as observed in Sec. 3.3, stan-
dard confidence-based pseudo-labeling struggles to reliably
separate ID from OOD in the hierarchical setting.

Our experiments confirm this problem. Figure 7 of
Sec. 3.4 shows the purity and average depth of subtree
pseudo-labels assigned to OOD samples when training a
standard SSL framework with subtree pseudo-labels. Here,
purity is defined as the fraction of samples whose ground-
truth label lies within the assigned subtree. We see that the
model gradually becomes overconfident, assigning OOD
samples to increasingly deep nodes in the hierarchy.

To further analyze this overconfidence, we study the dy-
namics of SPL assignments over training epochs in search
of informative patterns. For this purpose, we log the first
assignment per sample per node and visualize the result-
ing frequencies, decomposed into correct and incorrect as-
signments. The dynamics in Fig. 4 reveal that correct as-
signments occur early, while incorrect, overly deep assign-
ments emerge later as distinct peaks. The overpredictions
are largely driven by visually similar OOD samples that be-
long higher in the hierarchy. These results are from iNat19
with 10 labels per class.

This observation motivates our proposed age-gating
strategy for SPL. The key idea is to prevent additional SPLs
from being assigned to a node once the initial wave of cor-
rect assignments has passed. We implement this with a sim-
ple cutoff-detection method, detailed in Algorithm 1. The
cutoff detection scans for the first peak in the SPL assign-
ment frequency of each node and defines a cutoff when the
frequency falls below a fixed fraction of the peak value.
Cutoff detection is performed per node at the end of each
epoch. When a cutoff is set, no new SPLs are assigned to
that node. Additional results on the effectiveness of age-
gating are presented in Sec. 4.5.



SPL assignments to Damselfly

g
P @
8 | Correct | Incorrect
560 5 S
: 2 2
B 8K
2 ot
< — -
240 ¢ 2 2
(=] [0} ~
= Q
ks o o
5 8 o
=) 3
s 20 E] 7}
= 5
£ 5 £
5 ’ e
& <

0 T— f t f
0 100 200 300 400

SPL assignment to Bramble

20

15 +

queTd IeTnosepn
(but 3x0mMuUsDTdS)

so[dwes queTd aeTnosep
ATTWwey asoy
(but Trogyenburt))

Percentage of node assignments
sodures ATTwey ssoy

0.
0 100 200 300 400
SPL assignment to Hawk

sTquexg

z —~

z 5
. <

=)

540 + 2

2 I

< w Q.

s : :

g 2 g

o w 8

15} pird 5

020 1+ § |5

0 o =

5] 9

= g -

8 =] o

5 i =

~ 9 ~

oLt

0 100 200 300 400

Training epoch

Figure 4. Frequencies of subtree pseudo-label assignments across
training epochs for selected hierarchy nodes, split into correct and
incorrect assignments. Each node’s local hierarchy structure and
example images from correct and incorrect assignments are shown
to the right. We see that the majority of correct SPLs are as-
signed early in training, while incorrect overpredictions of OOD
data emerge later as distinct peaks.

3.5. Our framework: SemiHOC

Equipped with our proposed subtree pseudo-labels and age-
gating strategy, we introduce SemiHOC, a framework for
semi-supervised open-set classification. At its core, Semi-
HOC follows a teacher-student architecture, extended with
our components specifically designed for the hierarchical
open-set setting. We adopt the ProHOC method to pro-
duce hierarchical predictions, as it is the only existing HND
method that does not require tuning of an ID/OOD trade-off
parameter, a parameter that is difficult to set without access
to labeled OOD data.

For the labeled data, we follow the same approach as
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Algorithm 1: Detect cutoffs for age-gating

Input: List of pseudo-label assignment epochs for one node epochs; bin
width w; drop threshold ~
Output: Step value where a significant drop is detected, or co

counts, edges < BinCounts (epochs, bin width w)
max_count <— 0
for i < 0to length (counts) —1 do
if counts[i] > max_count then
| max-count < counts|i]

n OB W N =

S

else if counts[i] < ~- max_count then
| return edges|i]

<

return co

supervised training for ProHOC: labels are remapped to ev-
ery height of the hierarchy. These remapped labels are then
used with a standard cross-entropy loss to train the corre-
sponding depth-specific networks.

For the unlabeled data, the teacher model generates pre-
dictions using ProHOC. These predictions are reduced to
subtree pseudo-labels following (2). To support age-gating,
we maintain an SPL log as a mapping (¢, g) — e, where
c is a class, g is a unique sample identifier, and e is the
epoch of assignment. New sample-class pairs are added on
the first assignment and removed if not reassigned in subse-
quent epochs (i.e., if confidence decreases or the prediction
switches branch).

We then remove any subtree pseudo-labels assigned af-
ter the cutoff epoch, as determined by the age-gating proce-
dure. Note that a sample is not necessarily excluded entirely
from training. Rather, one or more of its deepest subtree
pseudo-labels are blocked and ignored in loss computation.

The remaining subtree pseudo-labels are used to train
the student model. If a sample’s subtree pseudo-labels ex-
tend to depth d in the hierarchy, the corresponding top d
networks contribute to its loss via standard cross-entropy,
while deeper networks are unaffected.

At the end of each epoch (i.e., a full iteration through
the unlabeled data), we apply the cutoff-detection method
in Algorithm [ to all hierarchy nodes to determine new cut-
off epochs. The flow of data in SemiHOC is visualized in
Fig. 5 and a detailed training algorithm is provided in the
supplementary material.

We use DinoV?2 features [22], a widely used image back-
bone, as input to our depth-specific models. DinoV2 is
trained fully self-supervised, ensuring that our approach
does not exploit any label information beyond the small la-
beled training set. The teacher model is obtained by taking
an exponential moving average of the student model param-
eters. We also apply dropout [31] to the input features and
the intermediate features of the student model, analogous to
how strong data augmentations are applied to student inputs
in, e.g., the seminal SSL method FixMatch [30].
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Figure 5. The flow of labeled and unlabeled data in SemiHOC. Labeled data are used to train depth-specific student models with cross-
entropy losses using labels mapped to the specified depths. Unlabeled data are predicted by teacher models via ProHOC, producing
hierarchical distributions that form subtree pseudo-labels. After age-gating, these subtree pseudo-labels are mapped to the appropriate

depths and used to train the students with cross-entropy losses.
4. Experiments and results
4.1. Datasets

We evaluate our method on three large-scale image clas-
sification benchmarks with class hierarchies: iNatural-
ist19 [33], iNaturalist21-Aves [7], and SimpleHierIma-
geNet [35], the latter constructed from ImageNet [28] and
the WordNet graph [21]. The full iNaturalist21 dataset con-
tains 10K classes and 2.7M images. To make it more acces-
sible for experimentation, we use the subtree starting from
Class: Aves, i.e., all bird classes. This bird subset contains
1.5K classes and 500K images. For iNaturalist19 and Sim-
pleHierImageNet, we adopt the ID/OOD splits defined in
[35], while for iNaturalist21-Aves, we construct a random
ID/OOD split (available in the linked code). We create la-
beled subsets by sampling up to n images per ID class, us-
ing all available samples if fewer than n exist. In our exper-
iments, we use 10, 20, and 50 labels per class.

For iNaturalist19 and iNaturalist21-Aves, we append
both the unlabeled training set and the test set with 300 ran-
domly selected images from Office31 [29], providing out-
of-hierarchy OOD data, i.e., OOD samples belonging at the
root of the hierarchy. For SimpleHierImageNet, we do not
introduce root-level OOD samples, since its top-level nodes
correspond to abstract and broad concepts such as physical
object and matter. More dataset details are available in the
supplementary material.

4.2. Training details

Training of neural networks involves many configurable
settings; for most of these, we follow standard configura-
tions from the literature. Our depth-specific classification
heads for the ProHOC predictions consist of four layers
with a hidden dimension of 512. The backbone is a Di-
noV2 ViT-L/14 with registers [3]. All models are trained
for 400 epochs using stochastic gradient descent with mo-
mentum 0.9 and weight decay of 0.001. The labeled batch
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size is 128, and the unlabeled batch size is set to four times
this value. The teacher model is updated as an exponential
moving average of the student parameters with momentum
0.999. For pseudo-labeling, we use the threshold 7 = 0.95.

The hyperparameters we find show sensitivity are the
learning rate and dropout. In our experiments, we use a
dropout rate of 0.3 throughout. We use a learning rate of
0.01 on iNat19 and iNat21-Aves, and 0.1 for SimpleHierIm-
ageNet. A more detailed discussion on the choice of learn-
ing rate and dropout is provided in Sec. 4.4.

4.3. Main results

To the best of our knowledge, no prior methods have been
developed for semi-supervised hierarchical open-set clas-
sification. To show the effectiveness of SemiHOC, we
compare against several intuitive baselines: 1) Supervised
only: a standard pipeline of self-supervised pretraining fol-
lowed by supervised training of classification heads; 2) SSL
(Node PLs): semi-supervised training from pseudo-labels
assigned by thresholding ProHOC predictions per node; and
3) SSL (per depth): training the depth-specific heads in-
dependently using FixMatch-style pseudo-labels per depth.
For comparison, we also include Sup. (all ID labels),
which is equal to Supervised only but uses all ID labels, and
SPL oracle, which follows SemiHOC without age-gating
but with access to correct subtree pseudo-labels for all unla-
beled data. All methods are trained on top of frozen DinoV2
features, which have proven to be strong feature represen-
tations for our evaluated benchmarks [22]. All compared
methods use equal hyperparameters within each evaluated
dataset. Detailed descriptions of the included baselines are
provided in the supplementary material.

Results are shown in Tab. 1, evaluated using the bal-
anced mean hierarchical distance (BMHD) [35] measured
between predictions and ground-truths. Our primary perfor-
mance metric is BMHD Mix, which averages over ID and
OOD performance. We also report the ID and OOD compo-



Table 1. Balanced mean hierarchical distance (BMHD) on ID,
OOD, and mixed ID+OOD test sets for SemiHOC and baseline
methods. The best results under limited labels are boldfaced.

10 labels / class 20 labels / class 50 labels / class
BMHD | ID OOD Mix ID OOD Mix ID OOD Mix
INATURALIST19

Sup. (all ID labels) 0.72 0.71 0.71 0.72 0.71 0.71 0.72 0.71 0.71
SSL (SPL oracle) 0.58 0.37 0.48 0.58 0.37 0.48 0.58 0.37 0.48
Supervised only ~ 0.82 0.84 0.83 0.71 0.81 0.76 0.71 0.73 0.72
SSL (Node PLs)  0.81 0.94 0.87 0.71 0.88 0.79 0.64 0.81 0.72
SSL (per depth) 0.86 1.11 0.99 0.70 1.00 0.85 0.62 0.86 0.74
SemiHOC 0.81 0.73 0.77 0.70 0.69 0.69 0.64 0.62 0.63

INATURALIST21-AVES

Sup. (all ID labels) 0.77 0.73 0.75 0.77 0.73 0.75 0.77 0.73 0.75
SSL (SPL oracle) 0.66 0.53 0.59 0.66 0.53 0.59 0.66 0.53 0.59
Supervised only 0.89 1.00 0.94 0.79 095 0.87 0.74 0.85 0.79
SSL (Node PLs)  0.91 0.90 0.91 0.80 0.90 0.85 0.76 0.80 0.78
SSL (per depth) 093 1.28 1.10 0.82 1.19 1.01 0.73 1.02 0.88
SemiHOC 0.90 0.82 0.86 0.80 0.87 0.84 0.75 0.76 0.76
SIMPLEHIERIMAGENET
Sup. (all ID labels) 0.75 1.36 1.05 0.75 1.36 1.05 0.75 1.36 1.05
SSL (SPL oracle) 0.57 0.59 0.58 0.57 0.59 0.58 0.57 0.59 0.58
Supervised only ~ 0.82 1.88 1.35 0.72 1.73 1.23 0.69 1.65 1.17
SSL (Node PLs)  0.82 1.80 1.31 0.72 1.66 1.19 0.68 1.58 1.13
SSL (per depth) 093 236 1.65 0.86 2.07 147 0.67 1.70 1.19
SemiHOC 0.83 1.79 1.31 0.72 1.64 1.18 0.68 1.55 1.12

nents separately for completeness. Predictions are obtained
from the teacher models via ProHOC.

SemiHOC consistently achieves the best performance
among methods using limited labels. On iNatl9, it even
matches the model with full ID supervision when trained
with only 20 labels per class, and surpasses it when using
50 labels per class. Notably, the SPL oracle outperforms
supervised only with full ID supervision on ID test data, in-
dicating that accurate subtree pseudo-labels for OOD sam-
ples provide a valuable learning signal that also benefits ID
performance.

4.4. Learning rate and dropout

Selecting hyperparameters in settings that involve OOD
predictions is not straightforward since we cannot assume
access to a test set containing OOD data. Moreover, HND
inherently requires balancing performance between ID and
OOD data. For example, maximizing ID performance can
be achieved trivially by always predicting leaf classes, but
this leads to poor OOD predictions.

For SemiHOC, we find that the key hyperparameters
for controlling this trade-off are the learning rate and the
dropout rate of the student model. Increasing either has a
regularizing effect, making the model less confident: this
benefits OOD performance but reduces ID performance by
decreasing the number of samples predicted as leaf classes.

Figure 6 illustrates this trade-off when varying the learn-
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Figure 6. Increasing the learning or dropout rate has a regularizing
effect and improves performance on OOD while decreasing that
for ID. The ID and OOD curves share a shoulder point (at around
dropout 0.3 and learning rate 0.01), which provides a good trade-
off for performance on the mixed ID+OOD setting.

ing rate and dropout. Although OOD performance cannot
be observed in practice, the curves are roughly symmet-
ric around a region where both ID and OOD performance
are strong. This symmetry provides a practical guideline:
choose the largest learning rate and dropout value that do
not significantly degrade ID performance. For this scenario,
iNaturalist with 20 labels per class, a suitable choice is a
learning rate of 0.01 and dropout of 0.3. The corresponding
results for iNaturalist21-Aves and SimpleHierImagenet are
available in the supplementary material.

4.5. Age-gating

In Sec. 3.4, we introduced our age-gating strategy for pre-
venting overconfident predictions on OOD data. The key
idea is to block samples that are assigned subtree pseudo-
labels unexpectedly late. As shown in Fig. 7, age-gating has
a clear effect on the purity of subtree pseudo-labels for OOD
data. With age-gating, the purity is maintained throughout
training, whereas without it, the model gradually becomes
overconfident, leading to a decline in purity.

To further analyze this strategy, we can view age-gating
as a binary classifier at each node: correct subtree pseudo-
label assignments are treated as positives, and incorrect as-
signments are negatives. With this perspective, our main
objective is to achieve a low false positive rate (FPR), i.e.,
to minimize the number of incorrect assignments that pass
through the gate. However, trivially rejecting all samples
would yield zero FPR. We therefore evaluate FPR together
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Figure 7. Purity and average depth of SPLs assigned to OOD
data during training with and without age-gating. Age-gating pre-
vents overconfidence and maintains purity for OOD data through-
out training. Results are from iNat19 (10 labels per class).

with the coverage, defined as the fraction of assignments
that are not gated, ensuring that a substantial amount of sub-
tree pseudo-labels remains available for training.

The results of this analysis are summarized in Fig. 8,
where we report FPR and coverage across all assignments
for all hierarchy nodes as micro-averages. The results are
obtained from a run on iNatl9 with 10 labels per class.
We vary the hyperparameters of the cutoff-detection in Al-
gorithm | to study their effect. Increasing the bin width
or decreasing the drop threshold allows more samples to
pass, pushing both FPR and coverage towards one. Con-
versely, smaller bin widths and higher drop thresholds result
in stricter gating, reducing FPR and coverage. We observe
a trade-off region around 0.8 coverage and 0.1 FPR; beyond
this point, FPR increases rapidly. Importantly, we note that
results in this region are obtained for many parameter pairs,
indicating that our age-gating procedure is robust to hyper-
parameter choices. Unless otherwise stated, we use w = 1
and v = 0.01. The supplementary material contains ad-
ditional results on age-gating, including analyses of error
types and results from other datasets.

4.6. Ablation

To better understand the contributions of subtree pseudo-
labels and age-gating, we analyze the performance over
training epochs on iNat19 (20 labels per class). We compare
SemiHOC with and without age-gating, as well as against
baselines. The results in Fig. 9 show that subtree pseudo-
labels provide a strong learning signal, enabling SemiHOC
to quickly surpass the baselines. However, without age-
gating, performance drops as training progresses due to
overconfident predictions on OOD data.

5. Limitations

This work assumes that classes can be organized into a
meaningful hierarchy, which does not hold for all classi-
fication problems. We further rely on the hierarchy reflect-
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Figure 8. Analyzing our age-gating performance under varying
hyperparameters. The goal is to block incorrect assignments (low
FPR) while retaining sufficient data (high coverage). We obtain
results in a favourable trade-off region around 0.8 coverage and
0.1 FPR for many parameter values.
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Figure 9. Performance on iNat19 with 20 labels per class, compar-
ing SemiHOC to baselines with and without age-gating. Subtree
pseudo-labels enable SemiHOC to learn efficiently and surpass the
baselines, but without age-gating, performance drops over training
over training due to overconfident OOD predictions.

ing visually observable concepts; otherwise, OOD samples
cannot be expected to be correctly predicted. Finally, our
evaluations use the same OOD classes in unlabeled training
and test data. An interesting extension for the future is to
consider test sets with previously unseen OOD classes.

6. Conclusion

We introduced semi-supervised hierarchical open-set clas-
sification, enabling the use of large unlabeled datasets in
HND. Two key challenges were identified: 1) generating
reliable pseudo-labels for OOD samples, and 2) prevent-
ing overconfident, overly specific predictions of OOD data.
Our SemiHOC framework addresses these challenges and
achieves strong results across the evaluated benchmarks.
We believe there is still room for further work. For exam-
ple, finding methods for accurately separating OOD data
from uncertain ID data would be very valuable in this semi-
supervised setting. Moreover, alternative strategies to our
age-gating strategy can be explored to address the overcon-
fidence issue. We hope our work can inspire the commu-
nity to explore new ideas for hierarchical open-set classifi-
cation.
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