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Abstract. In electroencephalography (EEG) data, fast, high-amplitude
transients called Interictal Epileptiform Discharges (IEDs) are highly
valuable for epilepsy diagnosis and clinical research. Despite advances in
deep learning-based IED detection, studies on reducing manual labeling
of training data remain limited, particularly in selecting the most infor-
mative examples to label, a challenge largely due to data imbalance and
heterogeneity. In this work, we propose Zero-to-Hero (Z2H), an Unsu-
pervised Active Learning (UAL) pipeline that starts from a completely
unlabeled EEG dataset to select high-quality labeled data with a limited
manual labeling budget. With a knowledge-guided initialization mod-
ule, an actively enhanced positive-unlabeled transduction module, and
a knowledge-guided data filtering module, Z2H can achieve an optimal
trade-off between data heterogeneity, balance, and label correctness. The
data selected by Z2H can be used to both train a small IED detection
model from scratch and fine-tune a pre-trained EEG Foundation Model
(FM). Z2H can outperform multiple baselines and enable real-time user
interaction. When paired with an FM, Z2H can reduce manual labeling
by 95% while yielding similar or better IED detection accuracy.
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1 Introduction

Epilepsy, the second most burdensome neurological disorder, is characterized by
recurrent seizures. For some drug-resistant patients with focal epilepsy, surgery
targeting the epileptogenic zone might be an option. As part of the clinical eval-
uation, recordings from implanted electroencephalography (EEG) electrodes are
used to identify the seizure onset zone [12]. Such recordings might include Inter-
ictal Epileptiform Discharges (IEDs) (Fig. [Lh), which are fast, high-amplitude
EEG transients, typically followed by slow waves [5,31]. IEDs are valuable for
epilepsy diagnosis and clinical research [26]. However, manual detection of IEDs
within EEG recordings lasting days to weeks remains time-intensive.

To date, numerous deep learning models have been proposed for IED de-
tection, mostly formulating IED detection as two-class (IED/non-IED) classi-
fication [7,8,21,24,29]. Most of these models are fully supervised [21, 24, 29],
trained on fixed training sets that can be highly costly to manually label. Some
reduce human effort by semi-supervision [7,24] or data augmentation [7,8], yet
an important question remains unanswered: Given an unlabeled EEG training
set, which examples to select for manual labeling to minimize human e [ort while
retaining high IED detection accuracy?

This question translates to Unsupervised Active Learning (UAL), a
type of Active Learning (AL) that aims to select a limited number (known as the
AL budget) of candidate examples for manual labeling, starting from an unlabeled
dataset. Existing UAL methods [10,14-17,20,27] typically favor examples that
best reconstruct all or part of the dataset in a latent space. These methods have
limited capacity to address two challenges within IED detection. First, IEDs
are rare events, leading to significant data imbalance [29]. Second, both IEDs
and non-IEDs exhibit data heterogeneity: On the one hand, despite their
relatively well-defined morphologies [5], as shown in Fig. [1|left), IEDs can entail
a degree of diversity even for a single subject. On the other hand, as shown
in Fig. [1] right), the non-IED class is not well-defined and has a variance far
greater than that of the IEDs. Notably, while some existing UAL methods [15,27]
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address data heterogeneity and imbalance with K-means in the latent space
to preserve local clusters, as shown in Fig. (1] right), the heterogeneity of the
non-IEDs is characterized by highly random patterns, not by defined clusters.
Thus, K-means (and other clustering methods) often have limited effectiveness,
and we need to increase the selected data size to fully represent the non-IED
space. However, existing UAL methods only produce training sets that are purely
manually labeled and disregard any data that could be labeled automatically
via semi-supervision. Thus, their selected data size is limited to the AL budget,
which is often small. While these methods can be fused with a separate semi-
supervised learner to expand the data size in a posterior manner, the lack of
built-in semi-supervision can still limit their effectiveness.

In this work, we propose Zero-to-Hero (Z2H, Fig. 2)[]1 UAL pipeline that
starts from an EEG dataset with zero labeled examples and selects a set of
labeled data to train/fine-tune an accurate IED detection model (hence Zero-to-
Hero). Z2H includes three modules: 1) A knowledge-guided active initialization
module (M1) that is intentionally biased to the IED class to address data im-
balance; 2) A heterogeneity-aware active Positive-Unlabeled (PU) [18,30] trans-
duction module (M2) that labels more data both manually and automatically,
thereby expanding the labeled data size beyond the AL budget; 3) A knowledge-
guided data filtering module (M3) that removes likely mislabeled data while
enhancing data balance, yielding a high-quality set of labeled examples.

In summary, our contributions in this work are as follows:

We propose Z2H, which is, to the best of our knowledge, the first UAL
method tailored for IED detection, adopting a knowledge-guided, active-PU ap-
proach to achieve an optimal trade-off between data balance, heterogeneity, and
label correctness. Z2H is model-agnostic, and the selected data can be used to
build any user-defined IED detection model, including both training a small
model from scratch and fine-tuning a pre-trained EEG Foundation Model (FM).

Experimentally, Z2H can outperform multiple existing UAL methods while
enabling real-time user interaction. When paired with an FM, it can reduce
human labeling by 95% with little to no decay in IED detection accuracy.

2 The Proposed Method

2.1 M1: Knowledge-guided Active Initialization

In Module M1 of Z2H, starting with an unlabeled dataset, we use AL to query
the user for the labels of some initial seed examples. To handle data imbalance,
we aim to query examples likely to be IEDs first to create an intentional bias to
the IED class, using two pieces of domain knowledge:

1) IEDs are usually of high amplitude [5] compared to background activ-
ity, and likely have higher Peak-to-Peak (P2P) amplitudes (the difference
between the highest and lowest points), as shown in Fig. .

2) Despite a degree of heterogeneity, IED morphology is generally well-defined
by a sharp spike, followed by a slow wave [5]. This suggests that the IED space
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Fig.3: Rationale behind the Amppist sampling strategy. (a)(b) Histograms of
P2P amplitudes and NN distances of single-channel EEG signals from a mouse.
IEDs tend to have higher amplitudes and lower NN distances. (¢) An IED in a
multi-channel EEG snippet. Its spike is present in only part of all channels.

is likely more compact than the non-IED space which entails more randomness.
Consequently, the Nearest Neighbor (NN) distance of an IED, i.e., its dis-
tance (here we use z-normalized Euclidean Distance) to its nearest neighbor, is
not likely to be large, as shown in Fig. Bp.

With this knowledge, we propose a single-channel Amp p,; sampling strat-
egy: For a single-channel EEG dataset, query the examples in P2P amplitude
descending order, but skip those with NN distances larger than some threshold .

Here, we use P2P amplitudes to decide the primary query order, relegating
NN distances to data filtering, as P2P amplitudes are more discriminative than
NN distances. As shown in Fig.[3h and b, the histograms of P2P amplitudes are
more separated between IEDs and non-IEDs than NN distances, as IEDs vary
more in morphology than in amplitude.

Next, we extend Amppist to multi-channel EEG as follows.

Step 1: For a multi-channel EEG dataset with n examples, denoting the P2P
amplitude of the j-th channel of the i-th example as a ;; , let the mean-normalized
P2P amplitude of the j-th channel of the i-th example be &; = naj; :Zi“o;lo ajo; .
We define the normalized P2P amplitude of the j-th channel as m%x 8o; . Rank
all channels in normalized P2P amplitude-descending order.

Step 2: In the aforementioned order, go through each channel in a round-
robin manner; for each channel, query one example using the single-channel
Amppist before moving on to the next channel, until an IED is queried in a
certain "target channel”. Afterward, disregard all other channels and continue
applying the single-channel Amppis; on the target channel.

Here, we opt for a single target channel rather than all channels, as IED
spikes can often be present in only certain channels (Fig. ) In Step 1, we
mean-normalize the P2P amplitudes to account for differing baseline amplitudes
across channels. Then, for each channel, we use the amplitude of the example
with the highest amplitude in that channel to represent the channel’s amplitude,
as such an example is most likely to be an IED. However, the channel ranking
obtained this way can be interfered with by high-amplitude noise. Thus, we use
the round-robin approach in Step 2 to robustify the choice of the target channel.
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Efficiency-wise, in interactive AL, we mainly focus on user interaction re-
sponse time [19], i.e., the delay between two consecutive user queries. For Amp pjst
by pre-computing and pre-sorting the amplitudes and distances, we can minimize
response time by using simple lookups to find the next example to query.

2.2 M2: Actively Enhanced Positive-Unlabeled (PU) Transduction

From M1, we could get a set P L of manually labeled positive (i.e., IED) examples
and a set NL of negative (i.e., non-IED) ones. We denote the set of all remaining
unlabeled examples as U. In M2, we label (part of) U examples with both manual
labeling and automatic inference to expand the labeled data size beyond the AL
budget, thus handling data heterogeneity, especially the highly random non-
IEDs. To do so, we draw on Positive Unlabeled (PU) [18] transduction, a type of
one-class semi-supervision that jointly uses PL and U to label U. We favor this
one-class approach over using both PL and NL, for M1 created an intentional
bias to the IEDs. Thus, NL cannot accurately represent the negative space.
Concretely, we use the one-class Self-Training 1-Nearest-Neighbor (ST-

INN) [30] algorithm (Fig. 4{Z]for PU transduction, with two phases:

ST-1NN Phase 1: Initialize an ordered set R with P L examples; iteratively
find the U example with the smallest NN distance to R (measured by z-normalized
Euclidean distance over all channels in our case) and move it from U to R.
Examples moved into R earlier are considered more likely to be positive.

ST-1NN Phase 2: Decide the decision boundary with a stopping crite-
rion [9, 30] splitting R into two: the first positive and the second negative.

While simple, ST-1NN is generally suitable for use cases such as IED detec-
tion, where the positive class is relatively compact, while the negative class is
highly diverse and without well-defined clusters. However, ST-1NN alone often
yields sub-optimal results. In particular, besides a diverse negative class, IED
detection also involves a heterogeneous positive class. Despite relatively well-
defined morphologies, IEDs can exhibit a degree of diversity even within a single
patient. ST-1INN largely disregards this diversity, as in Phase 2, it draws on a
Positive/Negative Conglomeration (PNC) assumption: in the ordered set
R, the positive and negative examples conglomerate at the beginning and the end,
with a single boundary between the two defined by the stopping criterion. This
often fails to hold. For instance, in Fig. dp, with heterogeneous initial PL exam-
ples 0, 1, 2, the neighborhoods around positive examples 6 and 7 are different,
with 7 closer to negative examples 8 and 9 than 6 is to positive example 11. As
a result, 11 (whose NN in U was 6 when 11 was moved from U to R) and 12
were moved to R after negative examples 8 (whose NN was 7), 9 and 10.

In response, we draw on the Self-Training Tree (ST-Tree) [19] (Fig. [4k),
where each example is a node with an edge between it and its NN in R when
it was moved from U to R. ST-Tree naturally encodes data heterogeneity, as
examples in different branches (paths from an initial P L example to a leaf node)
tend to diverge in morphology. Thus, while the PNC assumption is too rigid, the
following Branch-wise PNC (BPNC) assumption is far more realistic: each
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