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Abstract

Generalized Category Discovery (GCD) aims to classify la-
beled instances from known categories while discovering
novel categories from unlabeled data. Despite recent progress
in GCD for computer vision, existing GCD approaches
largely rely on static final-step representations (in the vi-
sual domain), overlooking the temporally evolving nature of
time-series data. In this paper, we introduce TGCD, the first
framework specifically designed for GCD in time-series data.
TGCD leverages both the dynamics of latent representations
and the heterogeneity of predictions across multiple temporal
segments to disover unknown (i.e., novel) categories, based
on a pre-trained time-series foundation model. We propose a
unified learning objective for TGCD that integrates the fol-
lowing three components: (i) a Stochastic Temporal Segment
Dropout (STeSD) objective that regularizes the model by se-
lectively penalizing high-entropy segments to encourage con-
fident predictions on uncertain regions of the time-series, and
(ii) a Known–Unknown Temporal Discriminability (KUTD)
objective that promotes representational separation between
known and unknown categories within unlabeled data and
(iii) a margin-aware classification objective to improve gen-
eralization. Empirical evaluation on six multivariate time-
series datasets demonstrates that the TGCD substantially out-
performs existing GCD methods, particularly in discovering
unknown categories. We further conduct ablation studies to
highlight the individual contributions of each component. Ad-
ditionally, we provide the first comprehensive benchmarking
of recent GCD approaches on time-series data, revealing the
limitations of naive transfer and underscoring the benefits of
temporal modeling.

Introduction
Conventional supervised learning paradigms assume that the
complete label space is known and fail to detect, discover,
and generalize effectively when faced with novel patterns or
previously unseen category instances. This challenge under-
scores the importance of Generalized Category Discovery
(GCD) (Vaze et al. 2022a), also known as semi-supervised
open-world learning (Cao, Brbic, and Leskovec 2022), that
not only recognizes and classifies known categories, but also
identifies unknown categories (i.e., novel categories). There
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is a growing recent research interest in developing GCD
for computer vision (Vaze et al. 2022a; Cao, Brbic, and
Leskovec 2022; Sun and Li 2023; Ye et al. 2024; Ma et al.
2025). On the other hand, time-series data is ubiquitous in
several applications, including sensor outputs in industrial
IoT applications, analyzing physiological signals in health-
care, and tracking activities in smart environments. In these
application domains, new categories keep emerging with
continued utility. For example, the number of failure modes
in IoT applications or the number of disease phenotypes in
healthcare applications are perpetually expanding. However,
GCD methods developed for image are not directly appli-
cable to time-series data as it offers unique challenges due
to the lack of clear semantics or visually indistinguishable
patterns that restricts its generalizability even within similar
application domains. Moreover, owing to the need for mul-
tiple sensors or signals to monitor or analyze a system, the
data is often multi-variate due to multiple channels that are
sampled at distinct frequencies. Therefore, there is a need to
develop a GCD method for time-series data.

Developing GCD methods for time-series is challenging
due to the temporal nature of data, which is generated as
long sequences resulting from the system’s continuous op-
eration. Owing to this long sequence, there is inherent het-
erogeneity in predictions across multiple segments of the
time-series, and significant variability in marginal distribu-
tions. Furthermore, as the signal patterns between multi-
ple categories of time-series data are visually indistinguish-
able, the challenge of distinguishing between known and un-
known categories of data becomes more prominent. This pa-
per addresses these challenges by developing a GCD frame-
work for time-series data, termed TGCD, which incorpo-
rates three key objectives: (i) Stochastic Temporal Segment
Dropout (STeSD), which aims to circumvent the hetero-
geneity in predictions across multiple segments of the time-
series through a stochastic dropout mechanism that directs
the model to learn from segments of the time-series with
high heterogeneity while stochastically discarding segments
with less heterogeneity. The stochastic dropout is guided by
the entropy of the individual segments in the time-series;
(ii) Known–Unknown Temporal Discriminability (KUTD),
which helps to enhance the indiscriminable patterns be-
tween known and unknown categories based on the temporal
trajectory of intermediate feature embeddings. By promot-
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ing smoother temporal representations for labeled samples
and allowing greater variation for unlabeled ones, KUTD
guides the model towards better separation between known
and novel (or unknown) categories; and (iii) a margin-aware
classification objective, which calibrates category separation
margins using softmax confidence from unlabeled data, en-
abling balanced learning across all categories.

To the best of our knowledge, we present TGCD (Time-
series Generalized Category Discovery), the first framework
specifically designed for GCD in time-series data, incor-
porating the three key objectives outlined above. We ar-
gue that temporal modeling provides a unique opportunity
to improve unknown category discovery by leveraging two
complementary characteristics: (1) Temporal evolution of
predictive uncertainty, and (2) Temporal discriminability of
learned representations. In particular, TGCD is based on the
hypothesis that samples from known categories exhibit more
consistent predictions and stable latent trajectories over
time, whereas samples from unknown categories are char-
acterized by higher uncertainty and more volatile represen-
tational dynamics. By integrating these temporal insights,
TGCD effectively separates known and unknown categories,
addressing challenges overlooked by prior GCD methods
that rely mainly on static, final-step features.

We evaluate the TGCD extensively on six datasets across
multiple domains (facilities, human body, nature etc), with
varying sequence lengths and wide range of total number
of categories (15 to 60). It is observed from the results that
TGCD consistently outperforms the state-of-the-art GCD
methods in classifying the known categories, and discov-
ering unknown categories. Specifically, the TGCD outper-
forms the state-of-the-art GCD methods by an average mar-
gin of ≈ 3% . We also conduct several ablation studies to
study the performance of the proposed TGCD under the in-
fluence of varying unknown data ratio, varying labeled data
ratio, distinct choice of time-series foundation models, and
also analyze the temporal stability. The results from the abla-
tion studies support our choice of strategies for TGCD. More
importantly, our framework is backbone-agnostic and com-
patible with any temporal encoder, including recent founda-
tion models such as MOMENT (Goswami et al. 2024).

In summary, this paper makes the following contributions:

1. First formulation of GCD for time-series: While prior
GCD approaches have primarily targeted the computer
vision domain, our work is the first to address GCD in
multivariate time-series data.

2. Development of the TGCD framework: We propose a
novel framework with multiple objectives tailored for
GCD in time-series data.

3. Stochastic Temporal Dropout (STeSD): We introduce a
stochastic dropout mechanism that encourages the model
to learn from segments exhibiting higher heterogeneity
by discarding those with lower heterogeneity.

4. Temporal Discriminability Modeling: We propose the
Known–Unknown Temporal Discriminability (KUTD)
loss, which encourages the separation of known and
novel categories by modeling their temporal dynamics in
the latent space.

5. Benchmarking: We conduct the first benchmark evalua-
tion of GCD methods on time-series datasets.

Related Work
We present the related works in generalized category discov-
ery and temporal uncertainty.

Generalized Category Discovery
Generalized Category Discovery (GCD) aims to simulta-
neously classify labeled samples from known categories
and discover unknown categories from unlabeled data. This
problem is especially relevant where labeled data is only
available for a subset of the categories. While GCD has
been extensively explored in the computer vision domain,
its adaptation to time-series domain remains underexplored.
Early methods such as DTC (Han, Vedaldi, and Zisserman
2019), UNO (Fini et al. 2021), GCD(Vaze et al. 2022a),
RankStats (Han et al. 2021), and OpenMix (Zhong et al.
2021) laid the groundwork for generalized category discov-
ery by integrating deep embedding clustering with super-
vised classification to separate known and unknown classes.
Subsequent methods like ORCA (Cao, Brbic, and Leskovec
2022) and (Rizve et al. 2022) have introduced a pair-
wise similarity loss that implicitly clusters unlabeled data
into known and unknown categories. More recent advances
have improved discovery through contrastive learning ob-
jectives (Sun and Li 2023), learning pace synchroniza-
tion (Ye et al. 2024), and prototype-based learning (Zheng
et al. 2024; Ma et al. 2025) strategies. Additional advances
have been proposed by ConceptGCD (Weng, Xiao, and
Jiang 2023), FlipClass (Lin et al. 2024), Active-GCD (Ma
et al. 2024), and SPTNet (Wang, Vaze, and Han 2024)
through concept-aware modeling, student-teacher-learning,
active querying, and attention alignment, respectively. De-
spite this progress, most GCD methods operate on static
final-step representations, ignoring temporal cues that are
prominent in sequential time-series data-a gap that motivates
the present work.

Temporal Uncertainty
Measuring uncertainty progression in time-series has been
explored in forecasting and safety-critical domains (Malinin
and Gales 2018; Ovadia et al. 2019; Malinin and Gales 2021;
Patharkar et al. 2024). Furthermore, recent works have eval-
uated temporal uncertainty calibration and distribution shifts
in time-series data under a closed-world setting (Fan et al.
2023; Clevert et al. 2024). However, the role of temporal un-
certainty in the context of Generalized Category Discovery
(i.e., open-world semi-supervised learning) has been largely
overlooked. To the best of our knowledge, our framework is
the first to leverage both uncertainty in distinguishing known
and unknown categories, as well as uncertainty arising from
heterogeneity across multiple temporal segments, for Gen-
eralized Category Discovery in time-series data.

Method
In this section, we formalize the problem setup and intro-
duce our proposed method for Generalized Category Dis-
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Figure 1: Overview of the proposed TGCD framework. A shared time-series foundation model extracts embeddings from
labeled and unlabeled data. Segment-level entropy guides Stochastic Temporal Segment Dropout (STeSD) to focus learning
on uncertain regions. The Known–Unknown Temporal Discriminability (KUTD) module promotes separation of known and
unknown categories using temporal dynamics. A margin-aware classification head (LCE) computes the final predictions. The
framework jointly optimizes all components for effective generalized category discovery in time-series data.

covery (GCD) in time-series data, where only a subset of
categories have labeled samples (i.e., known categories),
while the unlabeled data contains instances from both known
and unknown categories.

Problem Setup
We consider the problem of Generalized Category Discov-
ery (GCD) for multi-variate time series data. The training
dataset comprises labeled and unlabeled samples:

Dtr
L = {(xi, yi)}NL

i=1, Dtr
U = {xj}NU

j=1,

where each x ∈ RC×T is a multivariate time series with C
channels and T time steps. The labeled dataset DL contains
samples from the known set of categories Kk, while the un-
labeled set DU contains samples from both Kk and a disjoint
set of novel (unknown) categories Kuk, i.e.,

Kk ∩ Kuk = ∅.
We define a predictive model fθ(x) ∈ ∆K mapping to a
K-dimensional categorical distribution, where K = |Kk| +
|Kuk|. The objective of this predictive model is twofold: (1)
to perform accurate classification on samples from Kk in the
unlabeled data, and (2) to discover and separate unknown
categories (Kuk) within the unlabeled data.

Overall Framework of TGCD
The temporal progression and predictive uncertainty in mul-
tivariate time-series data due to heterogeneity in predic-
tions across multiple segments presents unique challenges
that remain underexplored in GCD. Motivated by this, we

propose the Time-series Generalized Category Discover
(TGCD) framework by leveraging uncertainty-aware and
temporally-evolving representations for GCD in time-series
data. The proposed TGCD framework (as shown in Fig-
ure 1) leverages a pretrained time-series foundation model,
typically a Transformer-based architecture trained with self-
supervised objectives (e.g., masked time series modeling),
as the representational backbone for extracting features
(femb

θ : RC×T → Rd; emb: embedding). A pre-trained
time-series foundation model is chosen because they are
good representations of complex temporal dependencies and
generate transferable representations for both labeled and
unlabeled samples of the time-series data.

In addition to the pre-trained foundation model, a classifi-
cation head and a softmax are used to map the embeddings to
the class labels, parametrized by W : Rd → RK. The clas-
sification head consists of a single linear (fully connected)
layer that comprises of a first set of known categories fol-
lowed by anticipated number of unknown categories |K| =
|Kk| + |Kuk|. The prediction for a given instance xi is ob-
tained by computing argmax(W⊤ · femb

θ (xi)), where W is
the classification weight matrix. As the number of unknown
categories is not known a priori, we follow the similar ap-
proach as (Cao, Brbic, and Leskovec 2022), where some
heads that corresponds to an anticipated unknown category
remain redundant until the model is presented with samples
corresponding to that unknown category.

TGCD achieves GCD through three key learning objec-
tives: (i) a Stochastic Temporal Segment Dropout (STeSD)
objective (LST), which regularizes the model by encourag-
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ing confident predictions on the most heterogeneous tempo-
ral segments retained through a Bernoulli-based uncertainty-
aware selection process; (ii) a Known–Unknown Temporal
Discriminability (KUTD) objective (LTD), which encour-
ages representational divergence for unlabeled samples; and
(iii) a margin-aware classification objective (LCE), which
improves the discriminability of known and unknown cate-
gories by incorporating prediction confidence. To the best of
our knowledge, this is the first formulation that jointly mod-
els temporal heterogeneity and representational dynamics to
facilitate the discovery of unknown categories in time-series
data. Thus, the unified learning objective of TGCD is repre-
sented by:

L = LST + LTD + LCE.

Next, we describe each objective in detail.

Stochastic Temporal Segment Dropout
There is an inherent predictive uncertainty in long time-
series sequences due to heterogeneity in predictions across
multiple segments of the multi-variate time-series. Hence,
we leverage the predictive uncertainty for the individual seg-
ments to stochastically decide which temporal segments of
a sequence to retain or drop during training. To this end,
we develop a novel regularization technique called Stochas-
tic Temporal Segment Dropout (STeSD) to enhance the gen-
eralization of TGCD under partial supervision and inter-
segment heterogeneity.

Given an input time-series sequence, we divide it into
Ts non-overlapping temporal segments. For each segment
si, we compute the predictive class distribution p̂i from the
model’s output logits and estimate uncertainty using entropy
(H(si)):

H(si) = −
K∑

κ=1

p̂
(κ)
i log p̂

(κ)
i , (1)

where K is total number of categories. These entropy values
are normalized across all segments of the sequence:

H̃(si) =
H(si)∑Ts

j=1 H(sj)
. (2)

We then define the probability of retaining a segment in
the sequence via an exponentially decaying function:

Pretain(si) = 1− exp(−β · H̃(si)), (3)

where β is a temperature hyperparameter controlling the
sensitivity of the dropout to segment-level uncertainty.
During training, each segment is retained according to a
Bernoulli trial:

retain(si) ∼ Bernoulli(Pretain(si)). (4)

This stochastic dropout mechanism selectively omits seg-
ments with lower uncertainty while retaining segments with
higher uncertainty, thus directing learning toward challeng-
ing temporal patterns. The retained segments are used to
train the model through an uncertainty-based regularization
loss as follows:

LST =
1

|Sretain|
∑

si∈Sretain

H(si), (5)

where Sretain denotes the set of retained segments in a se-
quence. This loss encourages confident predictions over the
retained uncertain segments, thereby enhancing generaliza-
tion for the TGCD.

STeSD is inspired by uncertainty-guided learning
(Kendall and Gal 2017), which emphasizes the utility of pre-
dictive uncertainty in model optimization, and curriculum-
based dropout strategies (Morerio et al. 2017), which adap-
tively modulates difficulty during training. However, unlike
these prior works, STeSD introduces a stochastic, segment-
level dropout mechanism tailored for time-series data, mak-
ing it well-suited for applications involving partial labels,
distributional shift, and novel category emergence.

Known–Unknown Temporal Discriminability
The Known–Unknown Temporal Discriminability (KUTD)
objective is designed to capture the representational dynam-
ics of time-series data and facilitate the effective separation
of known and unknown categories. It leverages intermediate
feature embeddings extracted from the model femb

θ for both
labeled and unlabeled data to distinguish between known
and unknown categories within the unlabeled set. Specif-
ically, KUTD minimizes temporal discriminability among
samples from known categories, while maximizing discrim-
inability between samples from known and unknown cate-
gories. This encourages temporal stability in the represen-
tations of known-category samples, while promoting rep-
resentational divergence in potentially unknown-category
samples.

Let x = (x1, x2, . . . , xT ) ∈ RC×T be a multivariate time
series, and let ϕt(x) ∈ Rd denote the latent representation
(embedding) produced by an intermediate layer of the model
fθ when given partial input x1:t. That is,

ϕt(x) = f emb
θ (x1:t), (6)

where f emb
θ (x1:t) refers to the d-dimensional latent embed-

ding (e.g., obtained using average-pooled features from MO-
MENT backbone (Goswami et al. 2024)).

We define the Temporal Discriminability Score (TDS) of
a sample x as the average pairwise Euclidean distance be-
tween embeddings at selected normalized time checkpoints
T = {τ1, τ2, . . . , τν} ⊂ (0, 1]:

TDS(x) =
2

ν(ν − 1)

∑
1≤i<j≤ν

∥∥ϕτiT (x)− ϕτjT (x)
∥∥
2
,

(7)
where the factor 2

ν(ν−1) denotes the number of unique pairs
among k embeddings, which ensures that the TDS value is
scale-independent with respect to how many time steps you
evaluate. To leverage this score for known-versus-unknown
partitioning, we divide each mini-batch into labeled (DL)
and unlabeled (DU ) sets. We then compute:

LTD = Ex∈DL
[TDS(x)]− λtds · Ex∈DU

[TDS(x)] , (8)

where λtds > 0 controls the strength of the drift pro-
motion for unlabeled samples DU . Although the unlabeled
set DU contains both known and unknown samples, their
identities remain hidden during training. We assume that
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Dataset # Timeseries |Dtr
L | |Dtr

U | |Dts| |Yk| |Yuk| K C T Type Domain
CharacterTrajectories 2858 160 1983 715 15 5 20 3 119 Motion Facilities
DSA 9120 504 6336 2280 14 5 19 45 125 Motion Human Body
Fungi 204 15 138 51 14 4 18 1 201 Other Nature
GestureMidAirD1 338 20 233 85 20 6 26 1 360 HAR Human Body
ShapesAll 1200 90 810 300 45 15 60 1 512 Image Generated
SwedishLeaf 1125 66 777 282 11 4 15 1 128 Image Nature

Table 1: Statistics of datasets. Each dataset is partitioned into three disjoint subsets: Dtr
L (labeled training data), Dtr

U (unlabeled
training data containing both known and unknown categories), and Dts (test data). The label space is partitioned into known
categories Yk and unknown categories Yuk

.

unknown samples exhibit higher TDS values due to their
misalignment with the temporal dynamics of known cate-
gories. Thus in Eq. (8), minimizing Ex∈DL[TDS(x)] en-
forces temporal smoothness for known categories, while
maximizing Ex ∈ DU [TDS(x)] preserves temporal vari-
ability among unlabeled samples. This contrast facilitates
separation of known and novel categories by promoting sta-
bility in known-category representations and allowing diver-
gence in potentially unknown ones. A theoretical justifica-
tion of this loss behavior is provided in the supplementary
material (Theorem 1).

Margin-aware Classification Objective
GCD problem faces the challenge of preventing overfitting
to known categories while discovering novel (i.e., unknown)
ones. To address this, we leverage confidence-aware deci-
sion boundary adaptation strategies commonly used in GCD
methods (Scheirer et al. 2013; Neal et al. 2018; Vaze et al.
2022b) to adjust classification margins adaptively. By es-
timating the overall prediction confidence from unlabeled
samples, we compute a margin that is applied consistently
across all classes (i.e., categories) during training. This mar-
gin encourages correct classification on labeled data while
widening decision boundaries in a confidence-aware man-
ner, thereby reducing bias towards known categories and
aiding discovery of unknown ones. Specifically, we define
the margin δ as: δ = γ ·

(
1− 1

K

∑K
j=1 p̂j

)
where p̂j de-

notes the average softmax confidence for class j computed
over the unlabeled dataset DU , and γ > 0 is a margin scal-
ing hyperparameter controlling the magnitude of the margin.
The margin-regularized cross-entropy loss is formulated as:

LCE = − log

(
exp(zy + δ)

exp(zy + δ) +
∑

k ̸=y exp(zk)

)
, (9)

where, zy is the logit for the ground-truth class y, zk is the
outputs of the linear classification layer before the softmax
function for class k. This margin-aware formulation reduces
the margin for categories with high confidence and increases
it for less certain ones, promoting balanced learning for both
known and unknown categories in GCD.

Overall, our complete training objective integrates
uncertainty-aware regularization through entropy dynamics,
temporal discriminability-based separation and supervised

learning via margin-aware classification of known and un-
known categories. Together, these components leverage both
labeled supervision and unlabeled temporal structure for
GCD in multivariate time-series data.

Experiments
Experimental Setup
Datasets. We evaluate our method on six publicly avail-
able time-series classification datasets (Dau et al. 2018; Al-
tun, Barshan, and Tunçel 2010; Dau et al. 2019) spanning
diverse temporal characteristics, data size and application
domains. Table 1 summarizes key statistics and configura-
tions for each dataset under the GCD setting.

Baselines. We evaluate the TGCD in comparison with sev-
eral state-of-the-art Generalized Category Discovery (GCD)
approaches originally developed for the computer vision do-
main: ORCA (Cao, Brbic, and Leskovec 2022), NACH (Guo
et al. 2022), GCD (Vaze et al. 2022a), ProtoGCD (Ma et al.
2025), OpenCon (Sun and Li 2023), and LPS (Ye et al.
2024). Since none of these methods are designed for time-
series data, we adapt and extend their publicly available
implementations to construct strong baselines for our set-
ting. To ensure a fair comparison, we replace the backbone
network of these existing state-of-the-art methods with the
same MOMENT (Goswami et al. 2024) model as ours.

Evaluation Metrics. To evaluate the performance of both
the proposed and existing methods, we calculate the accu-
racy between the ground-truth labels and the model’s clus-
ter assignments on the test set using the Hungarian algo-
rithm (Kuhn 1955) as follows: (1) ηall: accuracy for all in-
stances, i.e., with known and unknown categories. (2) ηk:
accuracy for instances in the known categories. (3) ηuk: ac-
curacy for instances in the unknown categories.

Performance Study
We evaluate the performance of our proposed method,
TGCD, across six diverse time-series datasets under the
GCD setting and presented results in Table 2. Our method
consistently outperforms state-of-the-art baselines across al-
most all datasets and metrics. Notably, TGCD achieves the
highest overall accuracy (ηall) on all the six datasets, with
significant margins over the closest baselines. For instance,
on CharacterTrajectories, TGCD attains an ηall of 73.01%,
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Methods
CharacterTrajectories DSA Fungi GestureMidAirD1 ShapesAll SwedishLeaf
ηall ηk ηuk ηall ηk ηuk ηall ηk ηuk ηall ηk ηuk ηall ηk ηuk ηall ηk ηuk

ORCA 69.23 90.70 64.36 65.92 88.21 56.17 76.47 92.11 61.54 51.76 61.54 55 51 67.11 37.33 57.09 75.24 53.95
NACH 68.45 91.25 65.20 64.38 87.20 55.10 75.12 91.75 58.10 53.10 60 56.25 53.42 67.90 39.25 59.12 76.83 54.9
GCD 66.97 80.55 51.21 30.45 31.48 29.13 75 84.72 90 48.22 59.13 58.46 50.83 56.96 56.07 58.16 75.73 78.95
ProtoGCD 28.39 35.10 50.33 44.82 60.42 45 33.33 34.21 61.54 30.59 30.77 50 3.67 4.89 12 42.20 51.46 77.63
OpenCon 54.27 66.22 76.70 54.67 65.28 57.63 60.78 65.79 61.54 56.47 67.69 65 45.67 53.78 53.33 53.9 58.74 68.42
LPS 67.69 89.75 74.47 59.25 78.81 51.5 74.51 94.74 61.54 45.88 46.15 60 45.33 58.67 41.33 62.06 82.04 85.83

TGCD (Ours) 73.01 95.26 80.85 67.24 91.01 59.87 80.39 92.11 92.31 60 68.32 66.87 56 72.89 56.67 64.54 83.98 89.47

Table 2: Comparison of the proposed TGCD with SOTA methods. The top-performing result is shown in bold red color.

Setting ηall ηk ηuk

Full (All losses) 73.01 95.26 80.85
No LTD 71.28 95.01 76.32
No LST 70.12 94.89 74.70
LCE only 66.85 94.45 68.25

Table 3: Ablation study on the CharacterTrajectories dataset,
analyzing the contribution of each temporal component.

outperforming the second-best (ORCA) by 3.78%. While
TGCD yields consistently strong results across all metrics,
we acknowledge that in one case, LPS attains slightly higher
known category accuracy (ηk) on Fungi, TGCD compen-
sates with a much stronger ηuk, resulting in the best ηall.
overall. This trend highlights TGCD’s ability to maintain a
strong trade-off between accurately classifying known cate-
gories and discovering unknown ones. These improvements
are attributed to the proposed STeSD objective, which adap-
tively drops the segments based on entropy to regularize
the model, and the KUTD objective that enhances tempo-
ral discrimination between known and unknown categories.
Together, these components enable TGCD to discover un-
known categories more reliably without sacrificing perfor-
mance on known categories.

Ablation Study
We conduct experiments on the CharacterTrajectories
dataset to evaluate the effectiveness of each individual strat-
egy and the impact of hyperparameter variations in TGCD.

Effect of the individual Objective functions: As shown
in Table 3, we systematically remove each loss term from
our full model to study the impact of each loss term. It
is pertinent to note that all three objectives (L = LCE +
LST + LTD) are critical for the highest performance, con-
firming the synergistic effect of them. Using only the classi-
fication objective adversely affects the overall accuracy and
accuracy of unknown categories. This emphasizes the need
for LST and LTD. Furthermore, while ignoring the KUTD
objective leads to drop in accuracy of both overall and un-
known category, ignoring the Stochastic Temporal Segment
Dropout (STeSD) objective has strong effects on the accu-
racies of unknown categories. These observations validate
our hypothesis that enforcing temporal uncertainty strength-
ens the model’s generalization under GCD setting for time-

Figure 2: Analysis of Temporal Discriminability Score on
CharacterTrajectories Dataset

series data. Overall, both temporal losses (LST and LTD)
contributes significantly to the GCD performance of the pro-
posed TGCD framework.

Analysis of Temporal Discriminability Score. We study
the effect of the Temporal Discriminability Score (TDS) dis-
tributions for labeled (known) and unlabeled (known + un-
known) samples on the CharacterTrajectories dataset using
the final trained model. Fig. 2 demonstrates that the known
categories exhibit more consistent temporal representations
compared to unknown ones, which supports our hypothesis.
Specifically, the labeled data exhibits a sharp, narrow distri-
bution centered around a lower TDS value, indicating high
temporal stability and consistency in their intermediate fea-
ture embeddings over time. On the other hand, the unlabeled
data has a wider, more spread-out TDS distribution, indicat-
ing more temporal variation. The difference in the densities
between these two groups is consistent with our theoreti-
cal assumption that unknown categories, which the model
hasn’t seen before, have more unstable temporal patterns.
These results confirm that our KUTD loss effectively uses
this difference to separate unknown categories from known
ones based on their temporal behavior. To quantify this sepa-
ration between known and unknown temporal dynamics, we
compute the symmetric KL divergence between their TDS
distributions as 3.9733. The clear margin between the two
distributions validates the discriminative power of temporal
signals in our proposed framework TGCD.

Effect of Known Category Ratio (KCR). Next, we
demonstrate the effect of the Known Category Ratio (KCR)
(the proportion of known (labeled) categories) affects Time-
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Figure 3: Analysis of KCR on CharacterTrajectories Dataset

Figure 4: Effect of labeled sample ratio on CharacterTrajec-
tories Dataset

Series GCD performance. As shown in Fig. 3, increasing
KCR leads to consistent improvements in both overall and
unknown category accuracy. The proposed method main-
tains high accuracy on known categories across all KCR
values. However, performance on unknown categories is no-
tably lower when the number of known categories is small
(i.e., low KCR). This highlights the inherent difficulty of
generalized category discovery under limited supervision.
Nonetheless, the steady improvement in unknown accuracy
with more labeled categories suggests that our method scales
well with supervision and leverages labeled information ef-
fectively when available.

Effect of labeled sample ratio. We investigate the impact
of the labeled sample ratio (i.e., the percentage of labeled
data used for training among all known category samples) on
GCD performance for time-series data. Fig. 4 summarizes
the results. Interestingly, performance is strongest when only
10–30% of known samples are labeled, indicating that the
model effectively leverages limited supervision. As the la-
beled ratio increases beyond this point, overall and unknown
accuracy gradually decline. This trend suggests that a larger
labeled set may overfit the model to known categories, re-
ducing its ability to generalize to unknown ones. These re-
sults underscore the need for a careful balance between la-
beled supervision and unknown-category discovery in GCD.

Analysis of various backbones for TGCD. Finally, we
study the effectiveness of the proposed TGCD framework
under different temporal representations by evaluating the
framework with various backbone architectures commonly

Backbone ηall ηk ηuk

TST 65.17 83.87 62.77
TS-TCC 72.17 92.41 66.49
TS2Vec 61.40 79.89 58.51

TimesNet 68.67 92.22 44.68

MOMENT (NO
Fine-Tuning)

11.47 14.80 38.30

MOMENT 73.01 95.26 80.85

Table 4: Impact of different welll-known backbones on the
Proposed Framework TGCD

used in time-series representation learning.
As shown in Table 4, our method consistently benefits

from stronger temporal representations, with MOMENT
achieving the highest overall accuracy (ηall = 73.01),
known category accuracy (ηk = 95.26), and unknown cate-
gory accuracy (ηuk = 80.85). In contrast, pre-trained MO-
MENT without fine-tuning performs poorly, indicating the
necessity of task-specific adaptation. Other backbones like
TS-TCC and TimesNet show strong performance on seen
categories but comparatively lower generalization to un-
knowns. This highlights that while certain backbones en-
code discriminative features for known categories, they may
lack the flexibility to generalize under GCD setting. Over-
all, the superior performance of MOMENT within TGCD
confirms its suitability for time-series GCD task.

We also provide additional ablation studies in the supple-
mentary, including the impact of the number of segments in
STeSD and the sensitivity to other hyper-parameters.

Conclusion
This paper presents TGCD (Time-series Generalized Cat-
egory Discovery), a novel framework addressing the un-
derexplored problem of generalized category discovery in
time-series data. To our knowledge, this is the first work
to formulate GCD specifically for time-series and to pro-
pose an associated framework and benchmark. Our frame-
work targets the prominent challenge of distinguishing be-
tween known and unknown categories due to long se-
quences of time-series data presented with visually indis-
tinguishable patterns. To this end, we introduce TGCD,
which achieves three key objectives: (i) Stochastic Tem-
poral Segment Dropout (STeSD), designed to circumvent
heterogeneity in predictions across multiple segments of
the time-series; (ii) Known–Unknown Temporal Discrim-
inability (KUTD), which enhances discriminability between
known and unknown categories; and (iii) a margin-aware
classification objective to enable unbiased learning across
all categories. Performance studies on a diverse set of pub-
licly available datasets demonstrate the effectiveness of
TGCD compared to state-of-the-art methods. The proposed
framework consistently outperforms existing GCD methods,
achieving gains in overall accuracy ranging from 1.32% to
3.92%. Furthermore, ablation studies highlight the impor-
tance and effectiveness of each individual strategy.
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