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Abstract—The crux of semi-supervised temporal action lo-
calization (SS-TAL) lies in excavating valuable information
from abundant unlabeled videos. However, current approaches
predominantly focus on building models that are robust to the
error-prone target class (i.e. the predicted class with the highest
confidence) while ignoring informative semantics within non-
target classes. This paper approaches SS-TAL from a novel
perspective by advocating for learning from non-target classes,
transcending the conventional focus solely on the target class.
The proposed approach involves partitioning the label space of
the predicted class distribution into distinct subspaces: target
class, positive classes, negative classes, and ambiguous classes,
aiming to mine both positive and negative semantics that are
absent in the target class, while excluding ambiguous classes. To
this end, we first devise innovative strategies to adaptively select
high-quality positive and negative classes from the label space, by
modeling both the confidence and rank of a class in relation to
those of the target class. Then, we introduce novel positive and
negative losses designed to guide the learning process, pushing
predictions closer to positive classes and away from negative
classes. Finally, the positive and negative processes are integrated
into a hybrid positive-negative learning framework, facilitating
the utilization of non-target classes in both labeled and unlabeled
videos. Experimental results on THUMOS14 and ActivityNet v1.3
demonstrate the superiority of the proposed method over prior
state-of-the-art approaches.

Index Terms—Temporal Action Localization Semi-Supervised
Learning.

I. INTRODUCTION

EMPORAL Action Localization (TAL) attempts to tem-

porally locate and recognize action instances of interest
in untrimmed videos. It is a fundamental yet challenging task
in computer vision, with a wide range of applications, such as
security surveillance [1], [2] and human behavior analysis [3],
[4]. Traditional TAL approaches [5]-[8] rely heavily on large-
scale, well-annotated datasets, a process that is both tedious
and time-consuming in practice. Hence, Weakly-Supervised
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Fig. 1. TIllustration of unreliable predictions on an unlabeled video snippet.
A common practice is to treat the action class with the highest confidence ,
i.e., “Putting on Shoes” as its target class for model optimization, while the
ground truth label , i.e., “Sailing” is buried in the non-target classes.

Temporal Action Localization (WS-TAL) [9]-[12] where only
video-level labels are available receives attention. However, WS-
TAL [13], [14] imposes an intractable problem of distinguishing
between actions and backgrounds due to missing instance-
level annotations. In response to these challenges, recent
efforts have been directed toward Semi-Supervised Temporal
Action Localization (SS-TAL), aiming to train models using
only a limited number of labeled samples with instance-level
annotations and a substantial amount of unlabeled data.

Recent advancements of SS-TAL [15]-[18] have demon-
strated notable success, leveraging two well-known semi-
supervised learning paradigms: consistency regularization and
self-training. Consistency regularization approaches [15], [16]
aim to generate reliable predictions through a teacher model
to guide the learning process of the student model. However,
learning a decent teacher model with limited labeled data
is as challenging as the SS-TAL task itself. More recently,
self-training approaches [17], [18] tailored for SS-TAL have
dominated this area, attaining state-of-the-art performance.
These approaches iteratively use the current model to assign
pseudo labels to unlabeled videos and train a new model on
both the labeled videos and the pseudo-labeled videos.

Despite achieving promising results, existing approaches
simply utilize the farget class (i.e. the predicted class with
the highest confidence) as the pseudo label, which has two
significant drawbacks. First, the target class tends to be highly
noisy, given that the model is trained on a limited amount
of labeled data. Second, the non-target classes are entirely
disregarded, even though they often contain valuable cues about
the action. An illustrative example is depicted in Figure 1. A
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video snippet of “Sailing” is mistakenly assigned the target
class “Putting on Shoes” for self-training, leading to noisy
pseudo labels, while the semantics of the ground truth label
are buried among the ignored non-target classes.

In this paper, we approach Semi-Supervised Temporal
Action Localization from a novel perspective by learning
informative semantics from non-target classes, moving beyond
the traditional focus on the target class. Given a predicted class
probability distribution on unlabeled data, we often observe
two phenomena. First, when the ground truth label does not
align with the target class, it frequently falls within other top-
ranked classes in the prediction. Second, it is highly unlikely
that the low-confidence or bottom-ranked classes contain the
ground truth label.

Building upon this observation, we partition the label
space of the predicted class probability distribution into four
subspaces: farget class, positive classes, negative classes, and
ambiguous classes. As mentioned earlier, the target class
is defined as the highest-confidence class. Positive classes
encompass non-target classes with high confidences, often
covering the ground truth class. Negative classes comprise
non-target classes with low confidences, making them unlikely
to contain the ground truth class. The remaining non-target
classes form the ambiguous classes.

While the idea of learning from non-target classes is intrigu-
ing, two key challenges need to be addressed: How should the
non-target classes, especially the positive and negative classes,
be identified from the predicted class distribution? How can
the model effectively learn from these non-target classes? In
response to the first challenge, we devise innovative strategies to
adaptively select high-quality positive and negative classes from
the label space. This involves modeling both the confidence
and rank of a class in relation to those of the target class. To
tackle the second challenge, we introduce novel positive and
negative losses designed to push the prediction closer to the
positive classes and push it away from the negative classes.
Consequently, positive learning empowers the model to extract
richer semantics relevant to the true class but absent in the
target class, while negative learning reinforces the model’s
belief of which classes are incorrect. Given the high uncertainty
and noise associated with ambiguous classes, we exclude them
from the training process. Finally, we integrate the positive
and negative learning processes into a hybrid positive-negative
learning framework to leverage the non-target classes across
both labeled and unlabeled videos.

The main contributions of this paper are summarized as
follows:

o This paper introduces a novel paradigm for SS-TAL by
emphasizing learning from non-target classes, transcend-
ing the conventional focus solely on the target class.
The approach involves partitioning the label space of
the predicted class distribution into different subspaces,
aiming to mine both positive and negative semantics that
are absent in the target class, while excluding ambiguous
classes.

« Key aspects of this novel paradigm include identifying the
positive and negative classes and learning from these non-
target classes. The paper introduces innovative strategies

for adaptively selecting high-quality positive and negative
classes from the label space. Additionally, new positive
and negative losses are proposed to guide the non-target
learning effectively. These processes are integrated into a
hybrid positive-negative learning framework, facilitating
the utilization of non-target classes in both labeled and
unlabeled videos.

o We evaluate the proposed approach on THUMOS14 and
ActivityNet v1.3 under a wide range of training settings.
Extensive experiments demonstrate that our approach
surpasses the previous state-of-the-art methods.

The rest of the paper is organized as follows. Section II
discusses related work. We present the technical details of
the proposed method in Section III. Experimental results and
discussions are presented in Section IV. Finally, we conclude
the paper in Section V.

II. RELATED WORK

In this section, we review previous works related to ours,
which we categorize into three parts: (1) Fully-supervised
temporal action localization, (2) Semi-supervised temporal
action localization and (3) Learning on pseudo labels.

Fully- and Weakly-Supervised Temporal Action Lo-
calization has witnessed significant advancements in recent
years through using plentiful well-annotated videos. Concretely,
early anchor-based methods [19]-[21] typically employ the
multi-scale anchors and attach a classification head and a
boundary regression head to refine these pre-defined an-
chors. G-TAD [20] updates features of all snippets in a
video via a graph network, and classifies each pre-defined
anchor and then regresses their boundaries. However, anchor-
based methods are sensitive to hyper-parameters such as
the number and scales of anchors. Moreover, the temporal
durations of the proposals are inflexible, and their temporal
boundaries are imprecise. Anchor-free methods [22]-[26]
directly regress the boundary locations or perform frame-
level action classification to reduce the complexity. BSN [22]
and BMN [27] intensively predict frame-level probability
sequences to generate action proposals. However, boundary-
based methods often suffer from noisy boundary locations
and thus generate unreliable results. BU-MR [23] introduces
two regularization terms (Intra-phase Consistency and Inter-
phase Consistency) to enforce consistent predictions in and
between starting, continuing, and ending phases. BSN++ [28]
exploits complementary boundary regression and relation
modeling for temporal proposal generation and achieves state-
of-the-art performance. Current prevailing Transformer-based
methods [29]-[32] tackle temporal action localization in a
Transformer encoder-decoder framework, which models action
instances as a set of learnable action queries. To reduce the cost
of manual annotation, many weakly-supervised TAL approaches
had already achieved relatively advanced performance using
only video-level labels. [33] proposes a learnable dictionary of
class centroids to enforce semantic consistency among snippets
with similar representations, improving feature discriminability
under video-level supervision. [34] develops a hierarchical
attention framework with metric learning to model snippet-level
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Fig. 2. An overview of our proposed Non-target Classes Learning framework. It follows the self-training paradigm, which iteratively uses the current
model to assign pseudo labels to unlabeled videos and trains a new model on both the labeled videos and the pseudo-labeled videos. Given an unlabeled
video snippet, the current model predicts a probability distribution of all classes. Our method adaptively partitions the label space €2 into a target class Q!9¢,

positive classes QP2

, negative classes Q¢9, and ambiguous classes 2%, by modeling both the confidence and rank of a class in relation to those of the

target class. Based on the label space partition, we design the new positive learning loss £s and negative learning loss £peg to mine positive and negative
semantics that are absent in the target class, while excluding ambiguous classes.

structural information and suppress action-context confusion.
[35] introduces a semantic query mechanism and pseudo-labels
to refine snippet-level features and enhance action completeness
in a point-supervised setting. [36] introduces an Equivalent
Classification Mapping (ECM) mechanism, which unifies pre-
classification and post-classification pipelines via a shared
classifier to learn a more robust and consistent representation.
[12] proposes a global-local attention mechanism that integrates
inter-segment similarity and local receptive fields to enhance
the discovery of foreground action segments. [37] presents the
SODA framework, which addresses core challenges in WTAL
through an astute background response strategy for suppression
and a self-distillation learning strategy for discovering more
complete action frames.

Semi-Supervised Temporal Action Localization leverages
valuable information from the unlabeled data with lower
annotation cost. Existing arts [15]-[18], [38] benefit from the
development of general semi-supervised learning [39], [40] and
follow two frameworks, i.e., consistency regularization and self-
training. Ji et al. [15] design two essential types of sequential
perturbations to make consistent action proposal predictions
for both teacher and student models. Nag et al. [17] develop a
proposal-free temporal masking model to solve the localization
error propagation problem. Xia et al. [18] tackle the label noise
problem and present a noise-tolerant framework to update the
model with reliable pseudo labels that are strictly screened.
Different from existing methods, this paper provides a new
perspective for SS-TAL, by learning informative semantics from
non-target classes that are ignored by existing approaches.

Learning on Pseudo Labels is an important yet key technology
in semi-supervised learning. However, most approaches [41]-
[46] are limited to learning directly from the target class, so it is
inevitable that the model will be misled by noisy pseudo labels.
Chen et al. [41] present a proposal self-assignment for pseudo
label assignment, which injects the proposals from student into
teacher and generates accurate pseudo labels to match each

proposal in the student model accordingly. Apart from above
methods, the complementary label has been used to specify
a class that a sample does not belong to [47]. Yu et al. [48]
theoretically analyze the problem of biased complementary
labels and propose to estimate transition probabilities with
no bias. Chen et al. [45] introduce an additional entropy
meaning loss which enforces a uniform distribution of non-
target classes to avoid them competition with target class
and a negative learning method which selects k categories
as complementary labels based on the prediction consistency
for low confidence samples. Kim et al. [49] aim at learning
clean data with ground truth labels while training noise data
with a randomly selected label as a complementary label. [50]
tackles timestamp-supervised and unsupervised temporal action
segmentation by designing frame-level positive/negative sample
sets for contrastive learning in the feature space. Differing
from existing methods, we introduce a novel negative learning
approach that adaptively selects richer negative classes based
on the confidence of the target class. These negative classes
are more informative, reducing the risk of selecting the true
label. Additionally, our new positive learning method extracts
additional semantics relevant to the true class that may be
absent in the target class.

III. METHOD

In this section, we first describe the problem setting of
SS-TAL and our motivation in Sec. III-A and Sec. III-B, re-
spectively. An overview of our method is illustrated in Figure 2.
We introduce the target class-based learning in Sec. III-C. Our
adaptive negative learning and positive learning strategies are
introduced in Sec. III-D and Sec. III-E, respectively.

A. Preliminaries

Probleml Setting. Given a smaller set of N! labeled videos
{XLV}}N, and a larger set of N unlabeled videos { X}V

i Ji =1
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semi-supervised temporal action localization (SS-TAL) aims
to improve action detection by effectively learning from both
labeled and unlabeled data. The annotation Y;! of each labeled
video contains the start time, end time, and action category of
each action instance.

Feature Embedding. For a video X, following conven-
tions [26], [51], we extract its snippet-level features {wi}ﬁ\gl
from consecutive frames by a fine-tuned two-stream network,
where NV is the number of video snippets.

Baseline Model. Recent works [17], [18] formulate SS-TAL
as a snippet-level classification task. Our method also adopts
the proposal-free framework with self-training for SS-TAL,
which locates action instances by a classification head and a
mask head optimized by a mask learning loss £, a refinement
loss £7¢f, and a feature reconstruction loss £, as in prior
arts [17], [18]. The learning objective is to minimize the loss
function below:

L=L54+all+Lm +£ref+£rec7 (1)

where £° and L£" denote the supervised loss and the unsu-
pervised loss applied on labeled videos and unlabeled videos,
respectively, and « is a hyper-parameter. The main purpose of
the action detection model is to learn the parameters 6 of a
model F (+; #) by optimizing a cross-entropy (CE) loss function
on both labeled and unlabeled data:

N‘U
s 1 ce
1 X
L :WEK (F (z:0),95) , 3)

where ! and ¥ are respectively the i-th snippet feature vectors
of a labeled video and an unlabeled video. y! € R¢*! and
y € RE*! are the one-hot vectors of their ground truth label
and pseudo label, respectively, including C' action classes and
a background class.

B. Motivation

Existing approaches simply utilize the farget class (i.e. the
predicted class with the highest confidence) as the pseudo
label. The target class tends to be highly noisy, given that the
model is trained on a limited amount of labeled data, thereby
significantly degrading the self-training. This paper moves
beyond the traditional focus on the target class and addresses
SS-TAL from a novel perspective, by learning informative
semantics from non-target classes. The motivation for our
approach stems from two key observations regarding a predicted
class probability distribution on unlabeled data. First, when
the ground truth label does not align with the target class, it
frequently falls within other top-ranked classes in the prediction.
Second, it is highly unlikely that the low-confidence or bottom-
ranked classes contain the ground truth label.

Building upon these observations, we divide the label space
of the predicted class probability distribution on an unlabeled
video snippet into four subspaces:

Q={1,...,C+1} = Q9 uQresyQrIuQI™m* (4

where Q9 only holds the target class while QP°s, Qned
and Q%" are the positive classes, negative classes, and
ambiguous classes, respectively. Positive classes encompass
non-target classes with high confidences, often covering the
ground truth class. Negative classes comprise non-target classes
with low confidences, making them unlikely to contain the
ground truth class. The remaining non-target classes form
the ambiguous classes. Complementary to traditional target
class-based learning (Sec. III-C), negative learning (Sec. 1II-D)
reinforces the model’s belief of which classes are incorrect,
while positive learning (Sec. III-E) empowers the model to
extract richer semantics relevant to the true class but absent in
the target class. Given the high uncertainty and noise associated
with ambiguous classes, we exclude them from self-training.

C. Learning from Target Class

Existing approaches first obtain the probability distribution
p = F(x*;6) from an unlabeled snippet ", and then use
argmaz.(p.) as its target class to construct the one-hot pseudo
label vector y“. The learning objective is formulated as the
cross-entropy loss between the model prediction and the target

class:
C+1

(19" = =% " ytlogpe, )
c=1

where C is the number of action classes and y* € {0,1}

represents whether the target class is present. The model is

trained by maximizing the log-likelihood of the target class.

D. Learning from Negative Classes

As previously discussed in Sec. III-B, the model may exhibit
uncertainty regarding whether a video snippet belongs to the
noisy target class but can be fairly certain that it does not belong
to negative classes. To effectively learn negative information, a
negative class is chosen from non-target classes, and the model
is then trained using a negative learning loss given by:

gneg = —log (1 - pC”EQ) ) (6)

which aims to minimize the log-likelihood on the negative class.
However, selecting suitable negative classes is challenging. On
the one hand, only selecting one negative class is insufficient
to learn valuable negative information. On the other hand,
regarding all non-target classes as negative classes would carry
the risk of negatively learning the ground truth semantics buried
in non-target classes. Therefore, we design an adaptive negative
learning strategy to tackle this challenge.

Specifically, let p = [p1,...,pc+1] denote the class prob-
ability distribution predicted on an unlabeled video snippet.
Then, we sort it in ascending order of the confidence:

(N

where maz(p) corresponds to the confidence of the target class.
The higher max(p) is, the more certain the model is that the
target class aligns with the ground truth class. It also means
that we can treat more non-target classes as negative classes for
learning negative information. This line of reasoning motivates
us to design an adaptive negative learning strategy by taking the

P = sorted(p) = [min(p), ..., maz(p)],
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confidence of the target class as reference. Concretely, we first
compute the cumulative probability of its bottom-k classes. If
the cumulative probability is less than max(p), these k classes
will be treated as negative classes that contribute equivalently
to negative learning, which could be formulated as:

E
Q"9 =<k Zf)e < maz(p) ¢, ©)
c=1

where 27¢Y holds k negative classes that meet the above criteria.
When max(p) is very high, it suggests that low-confidence
classes carry a lower risk of containing ground truth semantics;
therefore, the model will involve more low-confidence classes
into Q™Y for negative learning. When max(p) is very low, the
ground truth semantics will be more likely to be buried in low-
confidence classes; therefore, the model will only select a few
negative classes since the cumulative probability of bottom-k
classes is small. Based on the negative classes, we reformulate
the negative learning loss as:

o9 = — Z log (1 —pe) .

ceqQney

©))

Our proposed adaptive negative learning will enable the model
to effectively learn underlying negative information from as
many negative classes as possible.

E. Learning from Positive Classes

Learning from the remaining non-target classes (excluding
negative classes) is intriguing as the ground truth semantics are
buried among them. However, learning positive information
from all remaining non-target classes is suboptimal since
ambiguous classes would confuse the model. Therefore, we
leverage the confidence of the target class as an informative
indicator to select positive classes:

P ={k: pp = X -mazx(p)}, (10)

where QP°° holds & positive classes that meet the above criteria
and A is a hyper-parameter. In this way, the model will only
select the classes whose confidences are close to the target
class since they are likely to share similar information related
to the ground truth class. Based on the positive classes, we
formulate the positive learning loss as:

== Z log pe.

ceqQpos

fpos

(1)

The positive learning empowers the model to extract richer
semantics relevant to the true class but absent in the target
class.

F. Hybrid Positive-Negative Learning

Finally, we integrate the proposed negative learning and
positive learning into our semi-supervised TAL framework. In
training, for all labeled data, the ground truth labels are treated
as the target classes with no doubt. The remaining classes, i.e.,
all non-target classes, will act as negative classes for negative
learning, since they are completely unrelated to the ground
truth label. Thus, we apply the cross-entropy loss and negative

loss for all labeled data. For unlabeled data, we apply the
cross-entropy loss for target classes, the positive and negative
losses for positive and negative classes as mentioned above,
respectively. The overall loss function is shown below:

L= Zs +Zu +£m +£T€f +£7’ec, (12)

where the supervised loss £° contains the cross-entropy loss
%9t and the negative learning loss €79, i.e., L5 = (19t 4 me9,
The unsupervised loss £* contains the positive learning loss
£P°$ and the negative learning loss £*¢9 as well as (!9¢, i.e.,
L¥ = ptat 4 gneg 4 gros Tn addition, the SS-TAL model is
mainly composed of a classification head and a mask head,
which is further optimized by the mask learning loss £, the
refinement loss £7¢f, and the feature reconstruction loss £,
as in [17], [18]. The key distinction between our proposed full
method (Eq. 12) and the baseline (Eq. 1) is that the latter does
not include our novel negative loss ¢¢9 and positive loss ¢P°°
in £° and L".

In inference, the model generates action instance predictions
for each testing video by the classification and mask predictions,
as in SPOT [17]. More specifically, we can obtain candidate
snippets by using a classification threshold and a localization
threshold on the classification and mask heads, respectively.
Therefore, only the video snippets with high class probabilities
and mask scores are selected as top scoring snippets. We use
a set of thresholds to produce sufficient candidates. For each
candidate, we compute its confidence score by multiplying the
classification probability and mask score. In post-processing,
Soft-NMS [52] is finally applied to obtain top scoring results.

G. Discussion

Our proposed hybrid positive-negative learning framework
introduces key innovations that move beyond the standard
paradigm of generating independent pseudo-labels for each
class. While conventional semi-supervised methods assign a
single pseudo-label (the target class) per snippet, our approach
innovates in two primary ways.

First, instead of focusing on a single, often noisy, target
class, we structure the entire predicted label distribution into
distinct subspaces, including target, positive, negative, and
ambiguous classes. This allows for a systematic mining of
semantic information from and across non-target classes, which
are typically discarded.

Second, the novelty lies not merely in using multiple classes,
but in how we select and learn from them. We adaptively
identify high-quality positive and negative classes based on
their confidence and rank relative to the target class, modeling
inter-class relationships. Subsequently, we introduce novel loss
functions that explicitly pull predictions towards the selected
positive classes and push them away from the negative classes.
This relational learning provides richer supervisory signals and
enhances robustness to label noise.

Therefore, our method’s novelty is not in generating per-class
pseudo-labels with fixed thresholds, but in formulating a holistic
learning strategy that leverages the structural information within
the entire label distribution to guide the model more effectively.
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TABLE I
MAIN RESULTS ON THUMOS 14 AND ACTIVITYNET V1.3 WITH DIFFERENT PERCENTAGES OF LABELED VIDEOS, WHERE BASELINE REFER TO THE
BASELINE MODEL WITHOUT POSITIVE AND NEGATIVE LEARNING LOSSES. NOTABLY, SSP AND SSTAP EMPLOY UNTRIMMEDNET [51] TRAINED WITH
100% CLASS LABELS FOR PROPOSAL CLASSIFICATION.

Label ‘ ‘ Backbone ‘

THUMOS 14 (%) |

ActivityNet v1.3 (%)

Method
\ \ \ 03 04 05 06 07 \ Avg. \ 0.5 0.75 0.95 \ Avg.
SSP [15] TSN 442 341 246 169 93 | 258|389 287 84 | 276
SSTAP [16] TSN 456 352 263 175 107|270 |40.7 296 9.0 | 282
10% SPOT [17] TSN 494 404 315 229 124 31.3 (1499 31.1 83 | 32.1
NPL [18] TSN 50.0 41.7 335 23.6 134|324 (509 320 79 | 326
APL [53] TSN 51.5 425 346 244 135|333 |515 324 8.2 | 330
Baseline TSN 496 40.8 332 230 129 319|512 31.8 73 | 321
Ours TSN 524 435 356 249 14.7 | 342 | 53.0 344 9.2 | 345
SPOT [17] TSN 52.6 439 341 252 162|344 |517 320 69 | 323
20% NPL [18] TSN 539 456 362 269 165|358 | 521 329 79 | 329
APL [53] TSN 548 459 37.1 285 169 36.6 | 524 333 83 | 334
Baseline TSN 535 452 362 27.1 162|356 |51.8 322 7.0 | 324
Ours TSN 552 469 38.0 28.7 17.2| 372|535 347 94 | 348
SPOT [17] TSN 544 458 372 297 194|373 533 330 6.6 | 33.2
40% NPL [18] TSN 56.2 46.7 388 303 19.5| 383|534 339 8.1 | 338
APL [53] TSN 57.0 47.1 395 327 20.1| 393|535 338 8.5 |34.1
Baseline TSN 548 459 373 299 19.1 | 374|535 332 69 | 334
Ours TSN 575 48.0 396 315 214|396 | 541 356 94 | 354
SSP [15] TSN 532 46.8 393 297 19.8 | 378 | 498 345 7.0 | 335
SSTAP [16] TSN 564 495 410 309 21.6|399 |50.1 349 74 | 340
60% SPOT [17] TSN 589 50.1 423 335 229|415 (528 350 8.1 | 352
NPL [18] TSN 59.0 514 429 343 233|422 |539 358 85 | 357
APL [53] TSN 59.7 516 432 349 236|426 | 542 362 8.6 | 359
Baseline TSN 587 500 426 337 23.0| 416|529 349 79 | 350
Ours TSN 599 52.6 439 357 24.0 | 43.2 | 544 358 9.5 | 359

IV. EXPERIMENTS

In this section, we first introduce the evaluation datasets and
metrics. Then, we describe the implementation details of our
framework and compare our method with previous state-of-the-
art methods under conventional evaluation protocols. Lastly,
we conduct comprehensive ablation studies on each component
to validate the effects.

A. Datasets and Metrics

Evaluation Datasets. Following conventions [26], [29],
we evaluate our proposed method on two challenging TAL
benchmarks, i.e., THUMOS14 [54] and ActivityNet v1.3 [55].
THUMOS14 [54] contains 200 validation videos and 213
testing videos, including 20 action categories. It is very
challenging since each video has more than 15 action instances.
Following the common setting [56], we use the validation
set for training and evaluate on the testing set. ActivityNet
v1.3 [55] is a large-scale benchmark for video-based action
localization. It contains 10k training videos and 5k validation
videos corresponding to 200 different actions. Following the
standard practice [57], we train our method on the training set
and test it on the validation set.

Evaluation Metrics. We use the mean Average Preci-
sion (mAP) as the evaluation metric. The tloU thresholds
are [0.3 : 0.1 : 0.7] for THUMOS14 and [0.5 : 0.05 : 0.95]
for ActivityNet v1.3. We report the average mAP of the IoU

thresholds between 0.5 and 0.95 with the step of 0.05 on
ActivityNet v1.3. Also, we present the average mAP of the
tloU thresholds from 0.3 to 0.7 on THUMOS14.

B. Implementation Details

Following the conventional setting [16], [17], [32], we
extract each video snippet feature over every fixed consecutive
frames by TSN [58] pre-trained on Kinetics [59]. The temporal
dimension is fixed at 100 and 256 for ActivityNet v1.3 and
THUMOS 14, respectively. Our action localization framework
adopts the popular proposal-free approach SPOT [17], which
is mainly composed of a classification head and a mask head.
Our main contributions focus on the classification head, which
originally adopts the cross-entropy loss for target classes. Also,
we employ another anchor-free approach Actionformer [29]
with the I3D backbone [60] for fair comparisons.

For semi-supervised setting, we first pre-train our model
on the training set for 12 epochs and then we fine-tune the
pre-trained model for 15 epochs with a learning rate of 10~*
for ActivityNet v1.3 and 10~°, and a cosine learning rate
decay is used. Following SPOT [17], we adopt the same label
sharpening operator and the threshold set for mask. The Soft-
NMS [52] is performed on ActivityNet v1.3 and THUMOS14
with a threshold of 0.6 and 0.4, respectively. « = 1. For
the labeling ratios, we introduce four SS-TAL settings with
different label sizes. Following NPL [18], we randomly select
10%, 20%, 40%, and 60% training videos as the labeled set and
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the remaining as the unlabeled set. Both labeled and unlabeled
sets are accessible for SS-TAL model training.

C. Comparison with State-of-the-art Methods

The main results are reported in Table I, where we report
mAP at different tloU thresholds and average mAP. We
can observe that our method achieves stable performance
improvements over previous works across all data splits on both
datasets. We also present the performance of our baseline model
in Tabel I. We can see that our main contributions achieve
significant performance gains, benefiting from the superiority
of the proposed framework.

Specifically, for the THUMOS14 dataset, it is a challenging
TAL benchmark due to dense action instances and ambiguous
semantics. Our method still outperforms all other comparable
methods in all labeled ratios, indicating that the performance

gains from our positive and negative learning strategies.

Especially, our method obtains remarkable performance when
the number of labeled data is very limited (with only 10% or
20% labeled videos). It demonstrates that our method could

learn underlying valuable information from non-target classes.

The superiority of the proposed method is more emphasized
for ActivityNet v1.3, which is a more large-scale video dataset
so as to provide a larger label space for effective hybrid
positive-negative learning. As depicted in Table I, our method

shows a distinct improvement compared to all other methods.

Additionally, the improvements suggests that indirectly learning
from positive and negative classes further benefits SS-TAL.

In addition, our experiments on THUMOS14 (dense, short
actions) and ActivityNet v1.3 (sparse, longer videos) provided
the following insights.

For THUMOS 14, the model tends to produce predictions
with a sharper confidence distribution (higher confidence for
the top class). Here, our scheme more aggressively prunes
ambiguous classes, focusing on a clearer separation between
high-confidence positives and low-confidence negatives. For
ActivityNet v1.3, predictions often have a flatter confidence
distribution. Our adaptive scheme responds by being more
conservative, often resulting in a broader set of classes being
considered as positive or negative, which helps capture the
more varied and co-occurring semantics in complex, long-term
videos.

D. Ablation Study

Effectiveness of loss terms. To prove our core insight, i.e.,
learning underlying informative semantics from non-target
classes, we conduct experiments in Table II to ablate each
loss step by step. Above all, we use £!9% trained model as
our baseline, achieving average mAP of 31.4% and 32.1%
on THUMOS14 and Activitynet v1.3, respectively. Applying
the proposed ¢™¢9 consistently improves the baseline by a
large margin on both benchmarks, arguably since the potential
negative information improves the snippet-level semantic
discrimination. In addition, the proposed ¢P°¢ also significantly
improve the performance of the model by excavating the ground
truth label related semantics from the positive classes.

TABLE 11
ABLATION STUDY OF DIFFERENT LOSSES ON THUMOS 14 AND
ACTIVITYNET V1.3 WITH 10% LABELS, WHERE £t9% IS THE VANILLA
CROSS-ENTROPY LOSS FOR SNIPPET-LEVEL ACTION CLASSIFICATION, AND
™9 AND ¢P°5 ARE THE PROPOSED NEGATIVE AND POSITIVE LEARNING
LOSSES FOR EXCAVATING COMPLEMENTARY INFORMATION.

Jtat pneg épos\ THUMOS14 (%) |ActivityNet v1.3 (%)
‘0.3 04 05 0.6 0.7 AVg.‘O.S 0.750.95

49.641.133.222.712.931.9|51.231.8 7.3
50.642.734.424.014.3 33.2|52.332.7 8.3
V' [52.443.535.624.914.7 34.2|53.0 34.4 9.2

Avg.

32.1
334
34.5

v
v v
v v

TABLE III
ABLATION STUDY OF SS-TAL RESULTS ON THUMOS 14 USING 13D
FEATURES AND ACTIONFORMER [29], WHERE THE LABEL RATIO IS 10%
AND * REPRESENTS ONLY USING LABELED VIDEOS.

| Backbone | THUMOS14 (%)

Method
\ \ 03 05 0.7 Avg
ActF* [29] 13D 285 141 4.1 156
NPL (ActF) [18] 13D 32.8 20.1 7.2 203
APL (ActF) [53] 13D 351 25.6 11.0 245
Ours (ActF) 13D 36.2 269 119 25.6

Generality on different features and architectures. Our
main experiments are based on features extracted by a TSN
backbone. To further demonstrate the generality of our proposed
hybrid positive-negative learning loss, we conduct additional
experiments on two distinct setups: (1) using features from a
fundamentally different I3D backbone [60], and (2) integrating
our loss into the powerful Actionformer detector [29], which
has a Transformer-based architecture. As shown in Table III, our
method provides consistent performance gains over the strong
baselines across all setups. Since our method operates solely on
the predicted class probability distribution without modifying
the feature extraction or architectures, these results confirm that
its effectiveness is both feature-agnostic and model-agnostic.
Empirical study of hyper-parameter \. Ground truth classes
are often hidden in positive classes, which is ignored by
target-class-based learning methods. In contrast, we introduce
a hyper-parameter \ that adaptively selects the number of
positive classes based on the confidence of the sample. Then,
we conduct an ablation study to vary the value of A and delve
into its impact on the performance. From Table IV-D, it can
be observed that higher A choosing fewer positive classes
may make it difficult to fully learn the informative semantics
via positive learning while lower A choosing more classes
as positive classes may carry the risk of involving unreliable
ambiguous classes.

Qualitative analysis of the positive and negative learning.
Learning complementary information from non-target classes
contributes to improving the class-level representation. To
verify this point, we present the visualizations of foreground-
background features and foreground-instance features in Fig-
ure 3 and Figure 4, respectively. On the one hand, from Figure 3,
the proposed hybrid positive-negative learning separates fore-
ground and background features more clearly by excavating the
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TABLE IV
EMPIRICAL STUDY OF HYPER-PARAMETER A ON THUMOS 14 wWITH 10%
LABELS, WHERE A\ AFFECTS THE NUMBER OF THE POSITIVE CLASSES FOR
POSITIVE LEARNING.

3 value | THUMOS 14 (%)

‘ 0.3 0.5 0.7  Avg.
0.90 516 351 146 338
0.85 524 356 147 342
0.75 503 346 142 332
0.60 484 329 128 308
0.50 465 297 96 279

foreground
background

foreground
background

without positive-negative learning with positive-negative learning

Fig. 3. Effect of our method on foreground-background subtask. We present
the visualization of foreground feature and background feature on an unlabeled
THUMOS14 video.
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Fig. 4. Effect of our method on foreground-instance subtask. We present the
visualization of features of four challenging classes on THUMOS14.

TABLE V
COMPARISON WITH THE SOFT PSEUDO-LABEL METHOD [61] AND
COMPLEMENTARY LABEL [47]. THE COMPARISON RESULTS VERIFY THE
SUPERIORITY OF OUR METHOD OVER PREVIOUS SEMI-SUPERVISED
TECHNOLOGIES.

\ THUMOS14 (%)

Method
| 03 0.5 0.7  Avg.
soft pseudo label 495 332 127 317
complementary label | 50.0 335 13.1 32.1
Ours 524 356 147 342

ground truth semantics hidden in positive classes. On the other
hand, from Figure 4, we can observe that the model produces
a much clearer boundary of each class with the hybrid positive-
negative learning. It shows that our method could improve the
generalization ability of the model.

Comparison with other semi-supervised approaches. To
validate the superiority of our method over previous semi-

TABLE VI
SS-TAL RESULTS USING I3D FEATURES ON THUMOS 14, WHERE WE USE
10% AND 60% LABELED DATA.

THUMOS 14 (%)

Labels‘ Method ‘

\ | 03 05 07
SSP[15] | 431 255 96
l0% | SSTAP[16] | 453 275 110
° SPOT [17] | 49.1 317 126
Ours 513 348 149
SSP[15] | 535 397 204
0 | SSTAPI16] | 559 416 220
° SPOT [17] | 587 424 23.1
Ours 59.8 441 243
TABLE VII
MEAN AND VARIANCE OF OUR METHOD’S PERFORMANCE OVER 5 DATA
FOLDS.
label | THUMOS 14 (%)
ratio| M4 —53 04 05 0.6 0.7

10%| Ours |52.1+0.5 43.540.3 35.7+0.3 24.840.2 14.6+0.2
20%| Ours |55.04+0.4 46.840.3 38.0+0.2 28.64+0.2 17.0+0.2
40% | Ours |57.440.2 47.940.2 39.740.2 31.5+0.1 21.340.1
60% | Ours |59.940.2 52.5+0.1 43.940.2 35.740.1 24.1£0.1

supervised technologies, we explore the soft pseudo-label
method [61] and the complementary label method [47] (learning
from a random non-target class). We incorporate their main
ideas into our work. The comparison results in Table V indicate
that the soft pseudo-label produced by the model is quite noisy
and includes limited extra knowledge beyond the target label.
In contrast to the complementary label, our hybrid positive-
negative learning can adaptively extract richer, more informative
action semantics from unlabeled videos while reducing the risk
of choosing the noisy label.

Besides, we further compare the SS-TAL results using
another popular backbone 13D [60] features in TAL, which is
more powerful than TSN. The experimental results are shown
in Table VI. By introducing the proposed positive and negative
losses, the performance gains support our point, confirming
that the superiority of our method is feature-agnostic.

Mean and Variance of the Performance. Table VII shows
the mean and variance of our method’s performance over 5
data folds. With the increase of labeled data, the performance
of the model becomes more stable.

Visualization results. As shown in Figure 5, we provide
some qualitative results by previous work SPOT [17] and our
approach, where the model is trained with 10% and 40% labeled
data on both THUMOS14 and ActivityNet v1.3. Benefiting
from using non-target classes, our method can locate and
recognize the target actions more accurately, demonstrating the
superiority of our method.

More Analysis on Label Space. This paper approaches SS-
TAL from a novel perspective by advocating for learning
from non-target classes, transcending the conventional focus
solely on the target class. From Figure 6, it can be observed
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Ground Truth  [33.1 Diving 34.6]

SPOT@10%] 31.7 Diving 33.8]

SPOT@40% [ 33.0 Diving 34.1]

Ours@10% [32.4 Diving 34.0]

Ours@40%  [33.1 Diving 34.4|
(a) THUMOS14

Time (sec)—>

Time (sec) ——>

Ground Truth [138.0 Rollerblading 141.8|
SPOT@10%)137.0 Skiing 144.0|
SPOT@40% [137.5 SKiing 140.1]
Ours@10% [137.6 Rollerblading 142.0|
Ours@40%  [138.0 Rollerblading 142.0|

(b) ActivityNet v1.3

Fig. 5. Qualitative SS-TAL result comparison of our proposed method with SPOT [17] on two untrimmed videos from (a) THUMOSI14 and (b) ActivityNet

v1.3, respectively.
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Fig. 6. Visualization examples of label space, where we selectively visualize
several positive classes (green bar) and negative classes (blue bar).

that the target class tends to be highly noisy, resulting in
the model degeneration. Thus, it is important that learning
informative semantics from non-target classes. The proposed
positive learning could empower the model to extract richer
semantics relevant to the true class but absent in the target
class, while the negative learning could reinforce the model’s
belief of which classes are incorrect. So, exploring the valuable
information from label space is a promising topic worthy of
further study.

V. CONCLUSION

In this paper, we introduce a novel paradigm for SS-TAL
by emphasizing learning from non-target classes, transcending

the conventional focus solely on the target class. The approach
fist partitions the entire label space of the predicted class
distribution into different subspaces, aiming to mine both
positive and negative semantics that are absent in the target
class, while excluding ambiguous classes. Then, we develop
innovative strategies for adaptively selecting high-quality
positive and negative classes from the label space. Additionally,
new positive and negative losses are proposed to guide the
non-target learning effectively. The extensive experiments on
two popular benchmarks with consistent performance gains
demonstrate the effectiveness of our method.
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