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Abstract. Due to the absence of temporal annotations, recent weakly
supervised temporal action localization (WTAL) methods often adopt
pseudo-label learning to boost localization. A segment-level WTAL base-
line first generates proposals and constructs pseudo labels, which then
supervise a fully supervised localization head. However, the construction
of pseudo labels depends on the proposals’ original confidence scores.
Accumulated noise in proposal generation induces a mismatch between
these confidence scores and proposal quality, thereby limiting the achiev-
able quality of the pseudo labels. To address this, we propose SCLR, a
proposal-level score realignment framework driven by Semantic Com-
pleteness Learning (SCL). SCL proceeds in three steps. First, for each
action class, we construct a core semantic center that focuses on local
high-response cues and a global teacher center that aggregates class-level
contextual commonalities. Second, guided by the two centers, we self-
supervise the decomposition of the core semantic center into generic and
specific components, then reconstruct the class center by a weighted sum.
Third, we derive soft labels from proposal–to–center similarity to super-
vise a per-proposal semantic-completeness score, which is then used for
score realignment. Extensive experiments on two public datasets demon-
strate that SCLR, when integrated as a plug-and-play framework, consis-
tently reduces score misalignment across diverse baselines and improves
localization accuracy. Further, leveraging re-aligned proposals as pseudo
labels to train the localization head yields state-of-the-art performance.

Keywords: Weakly-supervised temporal action localization · Pseudo-
label Learning · Proposal Score Realignment

1 Introduction

Weakly supervised temporal action localization (WTAL) aims to recognize and
temporally localize actions in untrimmed videos using only video-level labels.
Due to its low annotation cost, WTAL has garnered increasing attention in recent
years and exhibits strong potential for practical applications [10, 38], including
human–computer interaction and intelligent surveillance.
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However, the lack of temporal annotations still leaves WTAL trailing behind
fully supervised temporal action localization (FTAL), which relies on dense tem-
poral labels and fully supervised localization heads. To narrow this gap, recent
approaches [26, 33, 46, 47] learn from pseudo-temporal labels. A segment-level
WTAL baseline first generates proposals and constructs instance-level pseudo
labels. These labels then supervise a localization head following fully supervised
designs to localize action instances. This line of work primarily devises strategies
to exploit baseline priors better, in particular the original proposal confidence, to
improve pseudo-label quality. A critical question, however, is whether these con-
fidence scores are aligned with proposal quality. Since pseudo-labels are typically
constructed and selected using original proposal confidence, a confidence-quality
mismatch can compromise the reliability of the resulting pseudo-labels.
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Fig. 1: Illustration of score–quality mis-
alignment in segment-level WTAL. During
training, segment-level scoring can assign
low scores to non-discriminative action seg-
ments and high scores to contextual non-
action segments. During inference, hand-
crafted post-processing aggregates these
noisy segment scores into proposal-level
scores, so high proposal scores may not in-
dicate high proposal quality.

Specifically, most segment-level
WTAL methods follow a localization-
by-classification paradigm [6, 39, 50].
A representative instantiation is segment-
level multiple-instance learning (S-
MIL) pipeline [39]. As shown in Fig. 1,
during training, the network predicts
a class activation sequence (CAS) and
a foreground-attention score for each
segment (a short segment comprising
multiple frames). In inference, a hand-
crafted post-processing pipeline takes
those two scores as input, aggregates
segments into proposals, and com-
putes proposal-level scores to yield
the final instance predictions. In this
pipeline, the training objective biases
the model toward the most discrimi-
native segments while neglecting am-
biguous ones. This accelerates conver-
gence but yields many misclassified
segments. Moreover, the scoring ob-
jectives used in training and inference
are inconsistent. Segment-level scoring errors accumulate when proposal scores
are computed via hand-crafted rules, leading to situations where a high pro-
posal score does not imply high proposal quality. Consequently, potentially high-
quality proposals can be suppressed by standard post-processing. Therefore, it
is beneficial to realign proposal scores after proposal generation. This step not
only directly improves localization for WTAL baselines, but also provides a more
reliable prior for pseudo-label construction, which in turn yields higher-quality
pseudo labels and thus stronger supervision for training the localization head.

Following this motivation, we start from the video-level classification sig-
nal, the only reliable supervision in WTAL, and introduce SCLR for proposal
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score realignment. Through Semantic Completeness Learning (SCL), SCLR es-
tablishes explicit supervision between proposal features and class semantics,
thereby reducing proposal-quality assessment to proposal–center similarity in se-
mantic space. Here, semantic completeness refers to proposal–center alignment
in semantic space rather than temporal completeness (full extent), since tempo-
ral boundaries are under-determined under video-level supervision. Concretely,
SCL comprises three steps. First, for each ground-truth (GT) action class present
in a video, we construct a core semantic center that emphasizes discriminative
semantics from high-response local regions and a global teacher center that pro-
vides a complementary global context view by aggregating proposals over the
whole video. Second, leveraging this local–global pair, we derive a class-agnostic
video-level representation that captures video-specific factors shared across the
video (e.g., characteristic camera motion). Guided by the two centers and the
video representation, we self-supervise a decomposition of the core semantic cen-
ter into a generic component (what action is it? ) and a specific component (how
is this action instantiated in the current video? ). A weighted sum of these com-
ponents reconstructs the class center. Finally, we learn a semantic-completeness
score by comparing each proposal with the reconstructed class semantic center,
which refines proposal quality assessment and aligns scores with quality.

Overall, our contributions are threefold: 1) We systematically characterize
score–quality misalignment in recent instance-level pseudo-label WTAL pipelines
and show that it can become a practical bottleneck for pseudo-label construc-
tion and selection. 2) We propose SCLR, a plug-and-play proposal-level score
realignment framework driven by Semantic Completeness Learning (SCL). SCL
constructs class centers and learns proposal–center similarity to reassess proposal
quality in semantic space, producing more reliable proposal scores. 3) Extensive
experiments on THUMOS14 and ActivityNet1.3 verify that SCLR consistently
improves localization accuracy and reduces score–quality misalignment across
diverse baselines. Moreover, training the localization head with re-aligned pro-
posals as pseudo labels yields state-of-the-art performance.

2 Related Work

Fully supervised temporal action localization. FTAL methods are com-
monly grouped into single-stage [9,22,25,28,43] and two-stage detectors [4,5,20,
31,42]. Single-stage designs are compact, unifying proposal generation and clas-
sification, whereas two-stage pipelines first generate proposals and then classify
them, allowing greater design flexibility [38]. Recent progress has been largely
driven by the ActionFormer family [35, 45], which builds pyramidal temporal
features and introduces Transformers into FTAL, yielding substantial accuracy
gains. However, the reliance on dense temporal annotations remains the primary
bottleneck to scaling FTAL in practice. Within FTAL, the work most related
to ours is RefactorNet [40]. It uses temporal annotations to factorize raw fea-
tures into action and co-occurrence components and then reconstructs them to
enhance the input, which improves WTAL performance. Unlike RefactorNet,
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SCLR requires no additional supervision. Instead of enhancing input features, it
reassesses proposal quality via semantic-completeness learning.
Weakly supervised temporal action localization. WTAL pipelines are
commonly divided into pre-classification [7,13,15,32,39,50] and post-classification
[12, 27, 30, 34, 36, 48]. The former classifies each segment with temporal convo-
lutions and then obtains a video-level prediction via Top-K pooling, etc. They
are efficient but limited by receptive fields and prone to local dominance [38].
The latter estimates segment-wise attention and aggregates weighted features
into a video-level representation. Although they leverage context, they may sup-
press fine-grained cues and thus suffer from the action-context confusion chal-
lenge [38]. Overall, these methods have pushed the field forward. Yet under
weak supervision, the lack of frame-level labels breaks the segment–category
correspondence, leaving a clear performance gap between WTAL and FTAL. To
bridge this gap, recent studies have turned to pseudo-label learning with local-
ization heads [26, 33, 46, 47]. However, these works mainly build proposal-level
pseudo labels from baseline priors (e.g., proposal confidence and snippet cues) to
train an FTAL-style localization head. In contrast, we target score–quality align-
ment at the proposal level. By recalibrating scores to reflect proposal quality, we
improve the reliability of those priors and complement this line of work.

Among existing works, P-MIL [32] and SEAL [21] are most closely related to
ours in that they explicitly introduce a proposal-level branch for completeness
assessment. Nevertheless, their completeness estimation follows an attention-
driven paradigm: high-attention proposals are first treated as pseudo labels,
and the completeness of each candidate proposal is then measured by its over-
lap with this pseudo-label set. Their goal is to class-agnostically filter relatively
low-quality proposals. Moreover, using only attention scores can introduce cross-
class supervision in multi-class videos and overemphasize short high-foreground
proposals, leading to model confusion. In contrast, we construct multiple se-
mantically complete class centers and reassess proposal completeness from the
perspective of class semantics using a unified criterion, thereby learning more re-
liable proposal scores. Our objective is not to filter out “incomplete” proposals,
but to explicitly evaluate every proposal.

3 Method

Problem Definition. Let V = {vi}Ni=1 be a set of N untrimmed videos, and
let Y =

{
yi ∈ {0, 1}C+1

}N

i=1
be the corresponding video-level labels, where C is

the number of action classes and the additional class denotes background. With
only Y available for training supervision, WTAL aims to predict, for a test video
v, a set of temporal action instances

{
(sj , ej , cj , qj)

}M

j=1
, where sj , ej , cj , and qj

denote the start time, end time, action class, and confidence score, respectively.
Overview. As shown in Fig. 2, our pipeline is organized around the SCLR
framework. First, we generate proposals using public baselines (Sec. 3.1). Next,
taking the proposals as input, SCLR realigns their scores (Sec. 3.2). Finally, using
the re-aligned proposals, we perform localization in two settings (Sec. 3.3).
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Fig. 2: Overview of the proposed pipeline. Our score realignment framework extends
the pseudo-label learning paradigm and comprises three stages: (1) A baseline generates
candidate proposals; (2) Given these proposals, SCLR employs Semantic Completeness
Learning (SCL) to reassess proposal quality from semantic evidence and assign re-
aligned scores; (3) The re-aligned proposals are used for direct localization (Ours)
and to construct pseudo labels that supervise a localization head (Ours*).

3.1 Proposal Generation and Framework Design

Proposal Generation. Following [6, 10, 33, 50], we uniformly partition each
video into T non-overlapping segments. For each video, we extract RGB features
fRGB ∈ RT×D and optical-flow features fFlow ∈ RT×D as inputs to the baseline
model, yielding training candidates P train =

{
(si, ei)

}M1

i=1
and test candidates

P test =
{
(si, ei)

}M2

i=1
. During this step, we omit final post-processing (e.g., NMS)

and discard baseline priors such as predicted class labels, keeping only the start–
end timestamps of each proposal.
Framework Design. Our SCLR follows the design of S-MIL. Given the pro-
posal set and the concatenated segment-level features f = [fRGB, fFlow], we
obtain proposal-level features F ∈ RM×d using a surrounding-contrast feature
extractor [32] plus a projection layer for dimensionality reduction. We then
introduce three independent branches to predict: proposal-level CAS Sbase ∈
RM×(C+1), foreground attention scores A ∈ RM×1, and semantic-completeness
scores Ssc ∈ RM×1. Following S-MIL, under the assumption that background
persists in videos and can be suppressed by A, the background-suppressed CAS
for each proposal is Ssup = Sbase ⊙A (⊙ denotes element-wise multiplication).

3.2 Proposal Score Realignment via Semantic Completeness
Learning

Motivation. Under weak supervision, baseline-generated proposals are often
over-complete or incomplete. Moreover, proposals of the same class may corre-
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spond to different GT instances, so evaluating proposal quality solely by their
temporal overlap with a few high-confidence proposals is unreliable.

Generic component
(class semantics)

Specific component
(video-specific context)

Action class
Long Jump

Video A Video B

Action features

Video-specific contextual features

Video A Video B

Fig. 3: Generic vs. specific components in
long-jump videos. Top: class-stable action se-
mantics shared across videos. Bottom: video-
conditioned contextual cues that vary across videos.

We observe that propos-
als of the same class tend to
share discriminative action se-
mantics, and semantic similar-
ity is often more robust than
temporal overlap to duration
variations. This motivates us
to assess proposal quality from
semantic completeness rather
than IoU. However, using only
discriminative cues may lead
to trivial solutions, e.g., over-
emphasizing short but highly
activated fragments.

As shown in Fig. 3, a se-
mantically complete action in-
stance is not only determined
by class-discriminative cues
but also by video-conditioned
contextual cues (e.g., co-occurring context and camera motion). Accordingly, we
reconstruct a semantically complete class center by decomposing per-class pro-
posal features under self-supervision into generic and specific components, and
recombining them:

– Generic component (class-stable action semantics): shared across
videos of the same class, capturing transferable and class-discriminative cues;

– Specific component (video-conditioned contextual semantics): unique
to the current video, capturing contextual cues (e.g., appearance, scene, and
camera motion) that affect how an action appears in the current video.

The reconstructed class center serves as a stable semantic reference: proposal–
center similarity yields semantic-completeness scores, which are then used to
realign proposal confidence so that scores reflect proposal quality under the
same criterion in both training and inference.
Dual-center construction. Under weak supervision, MIL-based baselines tend
to assign high confidence to proposals with discriminative action evidence. How-
ever, even the highest-confidence candidate, denoted as the anchor P ∗, may
have an unreliable temporal extent, being biased toward short discriminative
fragments or over-extended context. We thus aggregate P ∗ with its predicted
same-class neighborhood to form a local core semantic center CSE via boundary-
aware local aggregation, which strengthens local action cues. However, a purely
local reference may entangle class semantics with video-specific contextual cues.
We therefore introduce a complementary global view by aggregating propos-
als over the whole video to build a global teacher center CTE. Together, the
local–global pair provides a cross-view reference for decomposition: semantics
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consistent across CSE and CTE form the class-stable generic component, while
video-conditioned contextual cues are retained in the specific component.

For video v, let I denote the index set of all proposals and Nc ⊆ I those
predicted as class c. A naive anchor for class c is the proposal with the largest
class-specific background-suppressed score Ssup

i,c , where Ssup = Sbase ⊙A. How-
ever, Sbase and A are heterogeneous and their magnitudes can be mismatched
or outlier-prone under weak supervision, making magnitude-based selection brit-
tle. We therefore use a rank-fusion principle: we select the anchor that is jointly
top-ranked in class evidence and actionness, which is invariant to monotone
transformations and robust to magnitude noise. To implement this in a simple,
scale-free manner, we adopt Hazen mid-rank normalization on any per-proposal
score sequence z = (zi)i∈S over an index set S:

QS [z]i ≜
|S| − rankS(zi) + 0.5

|S|
∈ (0, 1), (1)

where rankS(zi) denotes the descending rank of zi within S (ties averaged).
Applying Eq. (1) to Nc, we define the joint score and select the anchor P ∗ as:

Ji,c = QNc
[Sbase

c ]i QNc
[A]i, i ∈ Nc, i∗ = argmax

i∈Nc

Ji,c, P
∗ = Pi∗ . (2)

Based on P ∗, we form its local neighborhood N ∗c = {i ∈ Nc | IoU(Pi, P
∗) ≥

θ} for local fusion. To aggregate this neighborhood into a local center, the weight
should account not only for class evidence and actionness but also for relative
temporal geometry, since proposals with similar scores can still differ greatly in
temporal coverage. We first use IoU(Pi, P

∗) as a coarse overlap cue. However,
IoU is necessary but insufficient: neighbors with similar IoU(Pi, P

∗) can still have
very different center displacement or duration, e.g., being shifted to context or
temporally truncated. Therefore, we introduce a center–scale affinity kcen to
complement IoU by accounting for center shift and temporal scale, implemented
as the Bhattacharyya coefficient [8] between Gaussian surrogates of two intervals.
For an interval with start/end (s, e), let µ = (s+e)/2, ℓ = e−s, and σ = ℓ/

√
12.

With (µ∗, σ∗) for P ∗ and (µi, σi) for Pi, we define:

kcen(i, ∗) =

√
2σi σ∗

σ2
i + (σ∗)2

exp

(
− (µi − µ∗)2

4(σ2
i + (σ∗)2)

)
∈ (0, 1], (3)

which equals 1 iff µi = µ∗ and σi = σ∗. We then compute the fusion weights
wSE

i,c and obtain the core semantic center CSE
c as:

wSE
i,c = normN∗

c

(
Ssup
i,c · IoU(Pi, P

∗) · kcen(i, ∗)
)
, CSE

c = norm2

( ∑
i∈N∗

c

wSE
i,c Fi

)
,

(4)
where normN∗

c
(·) denotes set-wise normalization over N ∗c and norm2(·) denotes

ℓ2 normalization.
For CTE

c , unlike CSE
c built from N ∗c , we aggregate features from all propos-

als indexed by I. At this global scope, raw class-score magnitudes Sbase
c are
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more susceptible to outliers and calibration drift; we therefore use the scale-free
rank ordering QI

[
Sbase
c

]
as the class-conditioned prior. To complement the local

evidence view and avoid over-concentration around the anchor, we introduce a
non-local temporal gate that increases with the temporal distance from P ∗:

ktime
i←P∗ = 1− exp

(
− (µi − µ∗)2

2(ℓ∗)2

)
, (5)

which vanishes at the anchor and asymptotically approaches 1 as |µi−µ∗| grows,
encouraging CTE

c to incorporate broader class-conditioned action evidence.
With these terms, we compute the weights and obtain CTE

c :

wTE
i,c = normI

(
QI [S

base
c ]i · Ai · ktime

i←P∗

)
, CTE

c = norm2

(∑
i∈I

wTE
i,c Fi

)
. (6)

Together, CSE and CTE provide complementary local and global semantic
references, omitting the class index c for brevity.
Self-supervised decomposition and reconstruction. Given the local–global
centers CSE and CTE, we use two independent extractors ϕG and ϕS to separate
(i) a class-stable generic component and (ii) a video-conditioned specific compo-
nent, reducing factor entanglement under weak supervision. The extractor ϕG is
trained to capture invariant semantics shared by both centers:

LG = 1− cos
(
ϕG(CSE), ϕG(CTE)

)
, (7)

which aligns the generic components extracted from the two centers, yielding a
shared class-stable representation.

Similarly, separating the specific component requires a video-conditioned ref-
erence for contrast. To prevent this reference from carrying class-stable action
semantics, we first use the background weight (1 − Ai) to aggregate proposal
features into a background/context descriptor, and then project out the generic
subspace spanned by ϕG(CSE) and ϕG(CTE):

vbg =

∑
i∈I(1−Ai)Fi∑
i∈I(1−Ai)

, U = [ϕG(CSE), ϕG(CTE)],

vbg
⊥ = norm2

((
Id − U(U⊤U + εI2)

−1U⊤
)
vbg

)
,

(8)

where ε > 0 is a small constant for numerical stability. Here, vbg is a raw video-
specific background/context descriptor, while vbg

⊥ is its residual after removing
the generic action-semantic subspace, thereby reducing class-semantic leakage
into the specific component. Using vbg

⊥ as the specific reference, we align the
specific component extracted from CSE with it:

LS = 1− cos
(
ϕS(CSE), ϕS(vbg

⊥ )
)
. (9)

To further disentangle the two components, we impose a decorrelation con-
straint between their representations extracted from the same CSE:

L⊥ =
(
cos

(
ϕG(CSE), ϕS(CSE)

))2

. (10)
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The total decomposition loss LDEC is:

LDEC = LG + LS + λ⊥ L⊥, (11)

where λ⊥ balances the decorrelation term. Next, we reconstruct the class cen-
ter by combining the generic component ϕG(CSE) and the specific component
ϕS(CSE). By design, the generic component is updated across videos through a
class-wise EMA for stable class-level semantics, whereas the specific component
remains video-specific. Accordingly, the reconstructed center for class c is:

Oc = norm2

(
EMA

(
ϕG(CSE

c )
)
+ δ · ϕS(CSE

c )
)
. (12)

Here, EMA(·) denotes the class-wise cross-video exponential moving average
(momentum 0.9), and δ balances the specific term (set to 0.2).
Learning semantic-completeness scores. Building on O, we measure a pro-
posal’s semantic completeness by its similarity to the corresponding center and
use this as supervision for the semantic-completeness branch. However, two chal-
lenges remain in practice. (1) Under weak supervision, the base model inevitably
generates proposals that do not belong to any GT class, so supervising them
with their maximum similarity to class centers in the current video can intro-
duce misleading gradients. (2) At early training or in very short videos, positives
for some GT classes may be too sparse to define CSE

c , leaving this branch with-
out a learning target. To address this, we construct a conservative soft label for
all proposals. We use similarity only when a proposal is predicted as a GT class
and the corresponding class center is available. Otherwise, we use a constant γ.

Let ĉi denote the predicted class of the i-th proposal in the current training
video, and let Cv = {c | yc = 1 ∧ |Nc| > 0} denote the set of GT classes with
available centers. The soft label and the loss are:

ysci =

{
ψ
(
cos(Oĉi ,Fi)

)
, ĉi ∈ Cv,

γ, otherwise.
(13)

LSC =
1

|I|
∑
i∈I

φ
(
Ssc
i , y

sc
i

)
. (14)

Here ψ(x) = (1+x)/2 and φ(·, ·) denotes the MSE loss. Both ϕG and ϕS preserve
feature dimensionality (Rd→Rd), making cos(Oĉi ,Fi) well-defined when ĉi ∈ Cv.

3.3 Action Localization with Re-aligned Proposals

Model training. During training, the score-realignment objective of SCLR is:

L = LMIL + LDEC + λSCLSC, (15)

where LMIL is the multi-instance learning loss [6, 10, 32, 33] and λSC balances
LSC. Optimizing L jointly updates all three branches and learns a re-aligned
score for each proposal, defined as:

Sre
i = Ssup

i ⊙ Ssc
i , (16)
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which makes training and inference use the same proposal-level score. Using
the re-aligned scores, we construct instance-level pseudo labels with soft non-
maximum suppression (Soft-NMS) [1] and Gaussian fusion [26,41,50]. Based on
these pseudo labels, we further train a localization head. The localization head
is built following ActionFormer [45] and TriDet [35], and its loss function is:

Lloc = Lcls + Lreg, (17)

where Lcls is focal loss [24] and Lreg is DIoU loss [49].
Model inference. We evaluate two protocols that directly address the questions
raised in the introduction.

(i) SCLR only. Given the test proposal set P test, SCLR produces re-aligned
proposals P̂ test. Applying Soft-NMS to P̂ test yields the final localization results.
This setting removes the localization head and isolates the contribution of score
realignment to baseline localization.

(ii) SCLR with localization head. The localization head is trained on pseudo
labels constructed from the re-aligned training proposals P̂ train. At test time,
inference is performed with the head alone. This setting evaluates whether score
realignment improves pseudo-label supervision and thereby enhances the head’s
localization performance.

4 Experiment

4.1 Datasets and Evaluation Metrics

Datasets. We evaluate on two public benchmarks. THUMOS14 [14] contains
200 validation and 213 test videos over 20 classes. We train on the validation
split and evaluate on the test split. ActivityNet1.3 [2] comprises 10,024 training
and 4,926 validation videos across 200 classes. We train on the training split and
evaluate on the validation split.
Evaluation Metrics. Following the standard evaluation protocol, we report
performance results using mean Average Precision (mAP) at various temporal
Intersection over Union (t-IoU) thresholds. THUMOS14 uses [0.1:0.1:0.7] and
ActivityNet1.3 uses [0.5:0.05:0.95]. In addition, we report ECE@0.7 [11,29] and
Kendall-τ [17]. For ECE@0.7, a proposal is labeled positive if its maximum t-
IoU to a same-class ground-truth instance is ≥ 0.7. With B = 15 equal-width
score bins, ECE measures the average gap between accuracy and confidence
(lower is better). Kendall-τ quantifies the per-video rank correlation between
proposal scores and proposal quality (maximum t-IoU) and is averaged across
videos (higher is better).
Implementation details. We use I3D [3] pre-trained on Kinetics [16] to extract
both RGB and optical-flow features. For each modality, the feature dimension
is D=1024, and it is reduced to d=512 by a dimensionality-reduction layer.
The extractors ϕG and ϕS each consist of a single fully connected layer fol-
lowed by a LayerNorm layer. To evaluate generalization, we adopt WTAL meth-
ods DELU [6], DDG-Net [37], and AFPS [23], as well as the P-WTAL method
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Table 1: Comparison on THUMOS14. * means further trains a localization head using
the re-aligned proposals as pseudo labels.

Sup Method Pub
mAP@IoU(%) AVG AVG AVG

0.1 0.2 0.3 0.4 0.5 0.6 0.7 (0.1:0.5) (0.3:0.7) (0.1:0.7)

Fully
RefactorNet [40] CVPR’22 - - 70.7 65.4 58.6 47.0 32.1 - 54.8 -

ActionFormer [45] ECCV’22 - - 82.1 77.8 71.0 59.4 43.9 - 66.8 -
TriDet [35] CVPR’23 87.1 86.2 83.6 80.3 73.0 62.2 46.8 82.0 69.2 74.2

Point LAC [19] ICCV’21 75.7 71.4 64.6 56.5 45.3 34.5 21.8 62.7 44.5 52.8

Weak

DELU [6] ECCV’22 71.5 66.2 56.5 47.7 40.5 27.2 15.3 56.5 37.4 46.4
P-MIL [32] CVPR’23 71.8 67.5 58.9 49.0 40.0 27.1 15.1 57.4 38.0 47.0

PivoTAL [33] CVPR’23 74.1 69.6 61.7 52.1 42.8 30.6 16.7 60.1 40.8 49.6
DDG-Net [37] ICCV’23 72.5 67.7 58.2 49.0 41.4 27.6 14.8 57.8 38.2 47.3

ISSF [44] AAAI’24 72.4 66.9 58.4 49.7 41.8 25.5 12.8 57.8 37.6 46.8
AFPS [23] NN’24 73.5 68.8 60.8 51.3 41.0 27.5 16.5 59.1 39.4 48.5
NoCo [47] AAAI’25 75.2 70.7 63.0 54.1 44.0 31.7 17.7 61.4 42.1 50.9

PseudoFormer [26] CVPR’25 76.8 72.6 65.4 55.6 44.1 31.3 17.1 62.9 42.7 51.9
MLLM4WTAL [46] CVPR’25 74.3 69.8 61.8 52.3 43.0 30.8 16.6 60.2 40.9 49.8

Ours 78.0 73.0 62.5 52.4 42.7 28.2 16.0 61.7 40.4 50.4
Ours* 80.1 74.6 66.1 56.7 45.6 31.2 18.4 64.6 43.6 53.2

Note. Controlled comparisons with recent proposal-level methods under identical proposal sources
are provided in Supplementary Tab. S2.

LAC [19], as base models. LAC is a point-level weakly supervised method, i.e.,
it yields higher-quality proposals that are densely distributed around point la-
bels. Prior work [41] reports that, on average, 65.2% of its proposals can be
better replaced, which further stress-tests our fine-grained proposal scoring. We
train with Adam [18]. For SCLR, the learning rates are 0.00005 for THUMOS14
and 0.000015 for ActivityNet1.3, with 200 training epochs and a batch size of
10. For the localization head, the learning rates are 0.0001 and 0.001, trained
for 30 and 16 epochs, respectively. The neighborhood threshold θ is set to 0.7,
γ in the soft labels to 0.1, and the balancing coefficients λ⊥ and λSC to 0.05
and 10, respectively. Detailed hyperparameter analysis can be found in the
supplementary materials.

4.2 Comparison with State-of-the-art Methods

In this section, using DDG-Net as the baseline, we report two sets of localization
results: Ours—applying SCLR alone, and Ours*—further adding a localization
head trained on the re-aligned proposals. This setting gives a first answer to the
two questions raised in the Introduction: (1) Can SCLR improve the localization
of baseline proposals? (2) Do re-aligned proposal scores provide better supervi-
sion for pseudo-label learning?
Results on THUMOS14. As shown in Tab. 1, we compare against both
weakly and fully supervised methods. Using SCLR alone improves the baseline
by 3.1% for average mAP at (0.1:0.7), validating the framework and indicating
that score–quality misalignment had suppressed the baseline’s potential.
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Table 2: Comparison on ActivityNet1.3. *
means further trains a localization head using
re-aligned proposals as pseudo labels.

Sup Methods Pub mAP@IoU(%) AVG

0.5 0.75 0.95 (0.5:0.95)

Full ActionFormer [45] ECCV’22 54.7 37.8 8.4 36.6
TriDet [35] CVPR’23 54.7 38.0 8.4 36.8

Point LAC [19] ICCV’21 40.4 24.6 5.7 25.1

Weak

P-MIL [32] CVPR’23 41.8 25.4 5.2 25.5
PivoTAL [33] CVPR’23 45.1 28.2 5.0 28.1
DDG-Net [37] ICCV’23 40.6 26.0 6.0 25.8

ISSF [44] AAAI’24 39.4 25.8 6.4 25.8
AFPS [23] NN’24 43.9 27.1 6.3 27.3

PseudoFormer [26] CVPR’25 46.9 28.6 6.5 29.0

Ours 43.2 27.4 6.0 27.5
Ours* 49.2 29.7 7.1 30.5

Moreover, with the localiza-
tion head (Ours*), our method
surpasses all competitors, includ-
ing recent SOTA pseudo-label
learning methods such as Pseud-
oFormer and NoCo, achieving
5.9% over the baseline. This
shows that once proposal scores
are better aligned with true
quality, even a simple pseudo-
label construction yields substan-
tial gains—precisely the motiva-
tion behind SCLR.
Results on ActivityNet1.3.
Tab. 2 reports the comparisons on
ActivityNet1.3. Consistent with
THUMOS14, applying SCLR alone markedly boosts the baseline localization
performance. With the additional localization head, our approach surpasses the
current SOTA PseudoFormer by about 1.5% in avg mAP@[0.5:0.95]. These re-
sults indicate strong cross-dataset consistency of our framework.

4.3 Ablation Study

Effect of individual losses. Tab. 3 reports the ablation over all loss terms.

Table 3: Ablation study of loss functions
on THUMOS14.

Exp LMIL LSC LG LS L⊥ mAP@0.5 AVG mAP

1 ✓ 38.7 47.0
2 ✓ ✓ 40.9 48.6
3 ✓ ✓ ✓ 41.6 49.5
4 ✓ ✓ ✓ 40.4 48.6
5 ✓ ✓ ✓ ✓ 42.0 49.4

6 ✓ ✓ ✓ ✓ ✓ 42.7 50.4

Starting from LMIL (47.0 AVG mAP),
adding LSC yields a clear gain (48.6),
because Eq. 13–14 makes LSC class-
conditional : it enforces proposal–center
similarity only for proposals predicted
as the current class (when a valid cen-
ter exists), while assigning the rest a
conservative constant target γ, thereby
shaping proposal scores even without
the explicit decomposition regularizers.
More importantly, adding LG on top
of LMIL+Lsc further improves perfor-
mance to 49.5, whereas adding LS alone
brings no improvement (48.6, Tab. 3),

providing direct evidence that the cross-center contrast in Eq. (7) (enabled by
the dual centers) is the key driver. We also observe a non-trivial interaction be-
tween the two objectives: using LG+LS without L⊥ slightly underperforms LG

alone (49.4 vs. 49.5), indicating optimization interference between the generic
and specific objectives when L⊥ is absent. Adding L⊥ explicitly decorrelates the
two components, mitigates such interference, and achieves the best result.
Effect of score realignment on pseudo-label learning. With a localization
head, our method attains SOTA accuracy on both datasets. As shown in Tab. 4,
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we ablate the head’s training pipeline to assess how score realignment affects
pseudo-label learning. Compared with training the localization head on base-
line proposals, incorporating SCLR yields consistent gains and further boosts
the Gaussian fusion strategy, indicating that more reliable proposal scores lead
to higher-quality pseudo labels and, in turn, more effective supervision for the
localization head.

Table 4: Ablation of pseudo-label learning (localization head).

Method
mAP@IoU(%) AVG

0.3 0.5 0.7 (0.1:0.7)

Baseline 58.2 41.4 14.8 47.3
+ SCLR (Ours) 62.5 42.7 16.0 50.4

+ Loc head 62.1 41.0 15.6 49.1
+ Gaussian + Loc head 62.3 42.9 17.6 50.5

+ SCLR + Gaussian + Loc head (Ours*) 66.1 45.6 18.4 53.2

Class-center construction. We ablate the specific component ϕS(CSE), the
balancing coefficient δ, and the EMA on the generic component. Tab. 5 shows
that removing any of them degrades performance and the full model is best,
validating the need for both cross-video stabilization (EMA) and a balanced
video-specific injection.
Anchor selection strategies. The anchor determines the construction of CSE.
Tab. 6 compares Top-A, Top-Sbase/Top-Ssup, and Soft-argmax(J), a continu-
ous variant of our joint scheme J . From the results, the discrete joint anchor
argmax(J) achieves the best performance. This advantage arises because Top-∗
heuristics are sensitive to scale variations and noise, whereas Soft-argmax(J)
smooths the score landscape and weakens local maxima. In contrast, selecting
argmax(J) preserves the sharp joint peak induced by A and Sbase, thereby im-
proving separability.

Table 5: Ablation of components in
the class center reconstruction.

Method
mAP@IoU(%) AVG

0.3 0.5 0.7 (0.1:0.7)

w/o ϕS(CSE) 60.8 40.6 13.3 48.7
w/o EMA(·) 61.9 42.2 14.4 49.7

w/o δ 62.3 41.6 14.5 49.7
Ours 62.5 42.7 16.0 50.4

Table 6: Comparison of different anchor-
selection strategies.

Method
mAP@IoU(%) AVG

0.3 0.5 0.7 (0.1:0.7)

Top-A 60.1 40.0 13.0 47.9
Top-Sbase 61.1 40.5 13.8 48.7
Top-Ssup 60.9 40.1 13.2 48.3

Soft-argmax(J) 61.8 40.9 13.5 49.0
argmax(J) (Ours) 62.5 42.7 16.0 50.4

Weighting design of CSE and CTE. Both aggregation weights incorporate
class evidence Sbase and class-agnostic actionness A, but we treat class evidence



14 Maodong Li et al.

differently due to the local–global aggregation scopes. For the local center CSE,
we use Ssup=Sbase ·A to emphasize high-confidence neighbors (sharper anchor)
and add kcen to encode shift+scale compatibility beyond IoU. For the global
center CTE, we replace raw score magnitudes with rank-based QI [Sbase] to sup-
press outliers and use ktime to avoid over-peaked aggregation around the anchor
by collecting contextual proposals away from it. Tab. 7 validates these choices:
removing any cue or replacing the center-specific designs (e.g., Ssup →Sbase in
wSE, QI [Sbase]→Sbase in wTE) consistently degrades performance.

Table 7: Ablation of the fusion weights for the dual centers.

Method
mAP@IoU(%) AVG

0.3 0.5 0.7 (0.1:0.7)

w/o kcen in wSE 61.4 41.6 13.8 49.2
w/o ktime in wTE 61.9 41.9 13.9 49.5
w/o kcen and ktime 61.5 41.7 13.8 49.2

w/o IoU in wSE 61.6 42.0 14.2 49.4
w/o A in wTE 61.2 41.0 13.7 49.0

Replace Ssup with Sbase in wSE 61.4 40.9 14.1 49.0
Replace QI [S

base] with Sbase in wTE 61.7 41.8 14.4 49.5

Generalization Experiments of Our Framework. A central question of this
paper is whether SCLR, as a plug-and-play module, can mitigate score misalign-
ment and thereby improve localization across WTAL baselines. We integrate
SCLR into four representative backbones and observe consistent localization
gains, as shown in Tab. 8. More importantly, SCLR delivers substantial score
alignment: ECE@0.7(%) is sharply reduced across all models, and the average
Kendall-τ (%) between proposal scores and proposal quality rises by about 7.2
points. These alignment gains directly translate into stronger localization and
more effective pseudo-label training with the localization head.

Table 8: Generalization experiments of SCLR on THUMOS14.

Sup Methods
mAP@IoU(%) AVG

ECE@0.7 Kendall-τ0.3 0.5 0.7 (0.1:0.7)

Weak

DELU 56.5 40.5 15.3 46.4 63.9 28.3
+Ours 60.3 41.2 15.6 49.2 5.5 38.5

DDG-Net 58.2 41.4 14.8 47.3 66.4 27.1
+Ours 62.5 42.7 16.0 50.4 6.2 38.5

AFPS 60.8 41.0 16.5 48.5 29.6 43.5
+Ours 64.8 45.7 17.3 52.2 4.8 44.7

Point
LAC 64.6 45.3 21.8 52.8 37.8 41.0

+Ours 68.9 51.0 21.9 56.4 28.8 47.2
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Fig. 4: Visual comparison. For the baseline, we visualize the top-5 proposals with
the highest overlap with the ground truth. Compared with pseudo labels generated
without SCLR, incorporating SCLR yields more reliable pseudo labels that better
cover complete action extents.

Qualitative comparison. As shown in Fig. 4, we compare pseudo labels gen-
erated with and without SCLR. Score realignment consistently improves the
reliability of pseudo-label construction and yields more accurate pseudo labels.
More qualitative visualizations, including failure cases, are provided in the Sup-
plementary Material.

5 Conclusion

In this work, we analyze and quantify score–quality misalignment in WTAL
and present SCLR, a plug-and-play proposal-level framework. Guided by SCL,
SCLR aligns proposal confidence with proposal quality from a semantic per-
spective. Extensive experiments show that SCLR consistently reduces misalign-
ment and improves localization across diverse baselines. By explicitly improving
proposal-score priors before pseudo-label construction, SCLR strengthens the
instance-level pseudo-labeling paradigm and enables a localization head that
reaches state-of-the-art accuracy. We hope this provides a simple and general
recipe for future WTAL research.
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