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Abstract

Video sentence localization aims to locate mo-
ments in an unstructured video according to a
given natural language query. A main challenge
is the expensive annotation costs and the anno-
tation bias. In this work, we study video sen-
tence localization in a zero-shot setting, which
learns with only video data without any annota-
tion. Existing zero-shot pipelines usually gener-
ate event proposals and then generate a pseudo
query for each event proposal. However, their
event proposals are obtained via visual fea-
ture clustering, which is query-independent and
inaccurate; and the pseudo-queries are short
or less interpretable. Moreover, existing ap-
proaches ignores the risk of pseudo-label noise
when leveraging them in training. To address
the above problems, we propose a Structure-
based Pseudo Label generation (SPL), which
first generate free-form interpretable pseudo
queries before constructing query-dependent
event proposals by modeling the event tempo-
ral structure. To mitigate the effect of pseudo-
label noise, we propose a noise-resistant itera-
tive method that repeatedly re-weight the train-
ing sample based on noise estimation to train
a grounding model and correct pseudo labels.
Experiments on the ActivityNet Captions and
Charades-STA datasets demonstrate the advan-
tages of our approach. Code can be found at
https://github.com/minghangz/SPL.

1 Introduction

Video sentence localization, which aims to localize
the most salient video segments from an untrimmed
video given a free-form nature language query, has
attained increasing attention due to its potential
applications in video surveillance (Collins et al.,
2000), robot manipulation (Kemp et al., 2007), etc.
The free-form natural language queries allow the
model to be flexibly adapted to the requirements of
different practical applications.
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Figure 1: (a) Training data for fully-supervised models.
(b) Training data for weakly-supervised models. (c) The
zero-shot models are trained with videos only. Existing
pipeline may generate unaligned pseudo event-query
pairs. (d) We construct query-dependent event proposals
by modeling the event temporal structure.

In recent years, the performance of video sen-
tence localization has been improved with the help
of advanced deep learning techniques and mas-
sively annotated data. However, the high anno-
tation cost and the annotation bias still prevent the
practical application of these models. On the one
hand, the process of generating descriptions for the
events in the video and labeling the corresponding
events with the exact start and end timestamps are
labor-intensive. On the other hand, many meth-
ods tend to capture the annotation bias (both in the
query and timestamps) in the dataset, thus affecting
the robustness of these models (Yuan et al., 2021;
Otani et al., 2020). As shown in Figure 1, although
the weakly supervised approaches do not require
the timestamps annotation, the annotation costs of
natural language queries are still unavoidable and
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they still suffer language-related annotation bias
(e.g. query style and structure, etc). Therefore, in
this work, we study the video sentence localisation
in a zero-shot setting, i.e. only video data is needed
for training without any manual annotation1.

Existing zero-shot video sentence localization
approaches (Nam et al., 2021; Wang et al., 2022;
Kim et al., 2023) follow the same pipeline, i.e.
looking for event proposals in the video, and then
generating pseudo queries for the events. They ei-
ther construct a simple subject-verb-object pseudo
query by detecting possible verbs and nouns in
the video or directly use the CLIP (Radford et al.,
2021) features of video frames to serve as the query
text features, assuming the visual and text feature
spaces are well aligned. However, there are three
problems in this pipeline. Firstly, their pseudo
queries are either too simple (simple subject-verb-
object structure) or less interpretable (only given
as features), which makes it potentially difficult
to generalize the model to the real queries. Be-
sides, they usually generate nouns and verbs by pre-
trained object detectors or image-text pre-trained
models, where temporal structured information is
absent. Secondly, as shown in Figure 1(c), though
they encourage the pseudo queries to have high
semantic relevance to the proposal, they ignore
the pseudo queries might also have a high score
to the time-span out of the proposal, leading to
miss-alignment between the pseudo queries and
proposals, which may result in the model learning
the incorrect visual and text alignment. Thirdly,
existing methods train the model directly using
pseudo-labels, ignoring the risk of noise in the gen-
erated start and end timestamps. They may fit the
noise during training, resulting in poor test perfor-
mance.

To tackle these problems, we propose a novel
Structure-base Pseudo Label generation pipeline
(SPL) to generate flexible and generalizable
pseudo-labels and reduce the noise in the pseudo-
labels during training. Firstly, to generate free-form
pseudo-queries, we sample video frames and gen-
erate captions using a pre-trained image caption
model. The queries from the caption model are
more diverse and flexible than those simple subject-
verb-object pseudo queries. Secondly, to generate
reasonable events for pseudo-queries, we consider

1In this work, we follow the definition of ‘zero-shot video
sentence localization’ in previous works (Nam et al., 2021;
Wang et al., 2022; Kim et al., 2023), which may be different
from the zero-shot setting in other tasks.

the temporal structure of an event, i.e. the rele-
vance between the query and the content in the
event should be high, while the relevance outside
the event should be low. Specifically, we enumerate
event proposals and select the one with the largest
gap between the semantic relevance to the query
within the event and outside the event, and use
the gap value as the quality of the pseudo query.
To prevent too many queries from describing the
same event, we use non-maximum suppression to
filter out the pseudo-queries whose events have a
high IoU with others and keep the top-K pseudo-
query-event pairs based on their quality. Finally,
to mitigate the effect of pseudo-label noise when
training a fully supervised model using our pseudo-
query-event pairs, we propose a noise-resistant iter-
ative method. We repeatedly re-weight each train-
ing sample based on our noise estimation from
the model’s prediction, and continuously refine
the temporal labels during training. Our pipeline
shows significant performance advantages on the
Charades-STA and ActivityNet Captions datasets.

Our contributions are: (1) We propose a novel
model learning process for zero-shot video sen-
tence localization, which generates free-form
pseudo query candidates first, and then generates
pseudo events according to the temporal structure
of an event. (2) We propose a sample re-weight and
pseudo-label refinement method to reduce the ef-
fect of pseudo-label noise on the model. (3) Exper-
iments on Charades-STA and ActivityNet Captions
demonstrate the advantages of our method.

2 Related Works

2.1 Fully/Weakly Supervised Video Temporal
Localization

The fully supervised methods(Gao et al., 2017;
Wang et al., 2021; Zhao et al., 2021; Zhou et al.,
2021; Huang et al., 2022; Zhang et al., 2020, 2021;
Zheng et al., 2023) usually train a model with the
annotations of start and end timestamps for each
video and query. However, the high cost of manual
annotation limits the scalability of fully supervised
methods. Moreover, as studied in (Yuan et al.,
2021; Otani et al., 2020), the annotation bias in
the dataset may also affect the robustness of these
models. To reduce the annotation cost, the weakly
supervised methods (Lin et al., 2020; Zheng et al.,
2022b,a; Yang et al., 2021; Huang et al., 2021;
Mithun et al., 2019) train the model with only the
videos and annotated queries. However, the weakly



supervised methods still suffer the language-related
annotation bias, and the annotation costs of natural
language queries are also unavoidable. Therefore,
in this work, we study the video sentence local-
ization using only video data (without any manual
annotation), which is more practical but also more
challenging.

2.2 Zero-shot Video Temporal Localization
In the zero-shot setting, only the video data are
required during training. Existing zero-shot meth-
ods (Nam et al., 2021; Kim et al., 2023; Wang
et al., 2022; Gao and Xu, 2021) follow the same
pipeline, i.e. search event proposals in the video,
and then generate pseudo queries for the events.
PSVL (Nam et al., 2021) first discovers the tempo-
ral event proposals and then generates simplified
pseudo queries by detecting nouns in the video and
discovering appropriate verbs with those nouns.
Gao et al. (Gao and Xu, 2021) directly generate
pseudo query features in the pre-trained visual lan-
guage feature space. However, the pseudo queries
in existing methods are either too simple or less
interpretable. Besides, the existing pipeline does
not take the temporal structure of an event into ac-
count, which may lead to unaligned pseudo-events
and queries. Moreover, they ignore the risk of
pseudo-label noise when leveraging them in model
training. In this paper, we generate free-form in-
terpretable pseudo queries and construct query-
dependent event proposals by modeling the event
temporal structure and propose a noise-resistant
method to mitigate the effect of pseudo-label noise.

2.3 Learning with Noisy Labels
Many works have explored how to train models
with noisy labels on the tasks such as image clas-
sification (Han et al., 2018; Li et al., 2020), object
detection (Li et al., 2020, 2022b), et al. Some ap-
proaches correct the noisy labels by learning from
a small set of clean samples (Xiao et al., 2015; Veit
et al., 2017), or learning with hard or soft labels
using the model predictions (Tanaka et al., 2018;
Yi and Wu, 2019; Li et al., 2020, 2022b). Some
approaches re-weight or select training samples by
estimating the noise in each sample (Li et al., 2020;
Arazo et al., 2019; Chen et al., 2019). Existing
noisy label image classification methods mostly as-
sume noisy labels in different pixels are i.i.d, which
is not realistic in the video sentence localization
task, where pseudo label noise is likely to be in-
troduced near the boundary of the events. To the

best of our knowledge, we make the first attempt
to reduce label noise introduced by pseudo labels
in the video sentence localization task by iterative
sample re-weighting and pseudo-label refinement.

3 Approach

The overview of our model design is illustrated in
Figure 2. Our method is divided into four steps.
In the first step, we generate pseudo queries for
a given video. To obtain realistic free-form na-
ture language queries, we sample video frames and
generate captions using a pre-trained image cap-
tion model, which will serve as our pseudo query
candidates. In the second step, we generate pseudo-
event proposals for each pseudo query. As the
events described by the query should have a cer-
tain structure, i.e. the relevance to the query in the
event should be high, while the relevance to the
query outside the event should be low, we calculate
the similarity between each query candidate and
each video frame. Then, for each pseudo query,
we select the best event proposal with the largest
gap between the correlation within the event and
the correlation outside the event, and the gap is
served as the quality of that pseudo query. As a
good pseudo query should not be too general (e.g.
‘there is a person’ is a bad query), it should be sig-
nificantly more relevant to the corresponding event
in the video than other video segments. Thus, in
the third step, we will only keep the top-k high-
quality proposal-query pairs. In the last step, we
will train a fully supervised model using the filtered
pseudo-query-event pair. To reduce the noise in the
pseudo-labels, we propose to estimate the noise
and then re-weight each sample, while refining the
pseudo-labels during training.

3.1 Pseudo Query Generation

In this step, we will generate free-form natural lan-
guage queries based on the video. The pseudo
queries in previous works are usually too simple
(simple subject-verb-object structure) or unspeci-
fied (only given as features), which have a large
gap between the real nature language queries. Thus,
we propose to generate free-form nature language
queries using a pre-trained image caption model
based on the video frames.

Specifically, given a video V , we first uniformly
sample N frames v1, v2, ..., vN . Then, we use a
pre-trained BLIP model (Li et al., 2022a) to gener-
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Figure 2: SPL overview. We first generate free-form pseudo queries by generating captions using a pre-trained
image caption model. Then, we generate pseudo event proposals for each pseudo query and filter the pseudo
query-event pairs by modeling the event temporal structure. Finally, we train a fully supervised model using the
filtered pseudo query-event pair, and propose a sample re-weight and pseudo label refinement method to mitigate
the effect of pseudo-label noise.

ate captions for each frame. As a video frame may
be rich in content, we generate multiple queries
for the same frame to ensure that the description
of the frame is as complete as possible. Then, the
captions c1, c2, ..., cM serve as our pseudo query
candidates, where M is the number of captions in
the video. Note that in this step, M will usually be
large in order to ensure that the candidate queries
contain as many meaningful queries as possible.
However, this can also lead to a large number of
low-quality queries in the candidates, which will
be filtered out in the method described in Sec. 3.3

3.2 Pseudo Event Generation
In this step, we generate pseudo-events (i.e. start
and end timestamps) for each pseudo-query can-
didate. Existing methods usually generate query-
independent pseudo-events first, and then generate
pseudo-queries for those pseudo-events. They ig-
nore the temporal structure of real events, i.e. video
within the event should be highly correlated with
the query, while video outside the event should be
lowly correlated with the query. Therefore, we take
full account of in-event and out-of-event relevance
to the query to produce high-quality pseudo-events.

Specifically, for each pseudo-query candidate
c1, ..., cM , we use pre-trained BLIP text encoder to

extract text features F c = [f c
1 , ..., f

c
M ] ∈ RM×D,

where D is the feature dimension. Then, for
each video frames v1, ..., vN , we can also use the
BLIP image encoder to extract image features
F v = [fv

1 , ..., f
v
N ] ∈ RN×D. As the BLIP text

and image feature space are well aligned, We can
directly use the cosine similarity of the text and im-
age features to measure the relevance of the query
and the video frame:

S =
F cF v⊺

∥F c∥∥F v∥
∈ RM×N (1)

We believe that the most relevant event for a
given query should satisfy the requirement that
videos within the event have a high relevance to the
query and videos outside the event have a low rele-
vance to the query. Therefore, we use the sliding
window to enumerate the possible event proposals
p1, p2, ..., pNp , where Np is the number of event
proposals. Then, we calculate the average simi-
larity within each event and the average similarity
outside each event, and use the difference between
them as the quality for each event proposal:

Qik =
1

∥pk∥
∑
j∈pk

Sij −
1

N − ∥pk∥
∑
j /∈pk

Sij (2)

where Qik is the quality of the k-th event proposal



Algorithm 1: Pseudo label generation
Input :Training videos
Output :Pseudo query-event pairs

1 for each training video do
2 Generate image captions for video

frames using BLIP model
3 Calculate the similarity between

captions and video frames by Eq.(1)
4 for each pseudo query (caption) do
5 Calculate event quality by Eq.(2)
6 Keep the best event by Eq.(3)

7 for each the query-event pairs do
8 Calculate query quality by Eq.(4)
9 Keep top-K query-event via NMS

to the i-th query candidate, Sij is the relevance of
the i-th query and the the j-th frame, and ∥pk∥ is
the number of frames in the event proposal pk.

Finally, to ensure that the event to each query is
unique, we select the highest quality event proposal
as the pseudo-event label for the i-th query:

ei = pk̂, k̂ = argmax
k

Qik (3)

3.3 Label Filtering

Due to the uneven quality of the large number
of pseudo query-event pairs, we will filter them
further. We believe that a good query-event pair
should not be too general, so the relevance to the
video within the corresponding event should be as
high as possible, while the relevance to the video
outside the event should be as low as possible. This
means that the quality of the best event proposal
for each query candidate in Eq.(2) can also be used
to evaluate the quality of that query-event pair.

Specifically, we define the quality of the i-th
query-event pair as:

Qc
i = max

Np

k=1Qik (4)

We do not want too many queries describing the
same event in the video, so we will further filter out
those query-event pairs whose events have a high
IoU between others using Non-maximum suppres-
sion. Finally, we will keep the top-K query-event
pairs in order of quality Qc for a video.

We summarise our pseudo label generation
pipeline including the pseudo event generation and
label filtering in Algorithm 1.

3.4 Training with Noisy Pseudo Label

In this step, we can use the generated pseudo-
queries with their corresponding events to train
any of the fully supervised video sentence local-
ization models. Considering the performance, we
chose the recent open-source model EMB (Huang
et al., 2022). EMB conducts a proposal-based
video-text alignment first, and then constructs elas-
tic boundaries with the timestamps between the
predicted endpoints and the manually labeled end-
points. EMB requires the model to select the end-
points in these elastic boundaries and thus models
the uncertainty of the temporal boundaries.

However, most of the existing fully supervised
models are designed for clean training data and may
not be robust enough for pseudo-labels that contain
a lot of noise. Therefore, we design a sample re-
weight and label refinement method to reduce the
effect of label noise on the fully supervised model.

Sample Re-weight. It has been shown neural
networks are trained to fit clean data first and then
to fit the noise (Han et al., 2018; Yu et al., 2019).
Therefore, the confidence of a model in its predic-
tion can reflect the noise in the sample. That is, if
the model is more confident in its predictions and
the predictions are close to the training labels, there
is relatively less noise in the data.

Specifically, we use the video-text matching
score given by EMB between its prediction and
pseudo query as the confidence sconfi for the
i-th training sample. Then, we calculate the
interaction-over-union (IoU) between the predic-
tion and pseudo label sioui . The higher sconf and
siou, the lower the noise, and the greater the weight
of the training sample should be. Therefore, we
define the sample weights as:

w = α
1

1− siou
+ (1− α)

1

1− sconf
(5)

where α is a hyper-parameter to balance the effects
of siou and sconf . Finally, we use the same loss
function as EMB and re-weight different samples
loss using w. By sample re-weight, we can reduce
the negative impact of noisy labels, but we pre-
fer that noisy labels also provide useful training
signals, so we further propose a label refinement
method to correct the noisy labels.

Label Refinement. Since the pseudo-events
may not be accurate enough, we design a label
refinement procedure, so that the model can update
higher-quality pseudo-labels during training.



During training, if the model is confident in its
prediction, it is possible that the prediction is the
true label. Besides, we also believe that the true
label should not differ too much from the pseudo-
label, so we will also consider the IoU between
the prediction and the pseudo-label to prevent the
model from being overconfident in the wrong pre-
diction. Specifically, we can obtain the visual-text
matching scores smk for the k-th proposal to the
query in EMB as well as its IoU siouk with the
pseudo label. We will select the k̂-th proposal as
the refined pseudo-label for the next epoch model
training, where k̂ = argmaxk(βs

m
k +(1−β)siouk )

and β is a hyper-parameter. In this way, if the
model has sufficient confidence in the prediction
of the correct label, it is possible to refine the noisy
label to the correct one.

The overall loss function is formulated as:

L =

B∑
i=1

wiLloc(Vi, ci, êi) (6)

where wi is the weight for the i-th pseudo query-
event pair for training, Vi is the video, ci is the
pseudo query, êi is the refined pseudo event, Lloc is
the localization loss function used in EMB (Huang
et al., 2022), and B is the batch-size.

4 Experiments

To evaluate our method, we conduct experiments
on the Charades-STA (Gao et al., 2017) and Activi-
tyNet Captions (Krishna et al., 2017) dataset.

4.1 Datasets
ActivityNet Captions. ActivityNet Cap-
tions (Caba Heilbron et al., 2015; Krishna
et al., 2017) was originally collected for video
captioning, which contains 20K videos. There
are 37,417/17,505/17,031 video-query pairs in the
train /val_1/val_2 split. We follow previous works
and report the performance on the val_2 split.
Charades-STA. Charades-STA (Gao et al., 2017)
was built upon the Charades dataset. There are
12,408/3,720 video-query pairs in the train/test
split. We report the performance on the test split.

4.2 Evaluation Metrics
We follow the evaluation metrics ‘R@m’ and
‘mIoU’ in the previous work (Nam et al., 2021),
where m is the predefined temporal Intersection
over Union (IoU) threshold. In particular, ‘R@m’
means that the percentage of predicted moments

that have the IoU value larger than m. ‘mIoU’ rep-
resents the average Intersection over Union.

4.3 Implementation Details
We use the BLIP model(Li et al., 2022a) to gen-
erate captions for the video. We sample an image
every 8 and 16 frames and use BLIP to generate 10
and 5 captions for each image on the Charades-
STA and ActivityNet Captions datasets respec-
tively. For each video, we only keep the top-10 and
top-5 pseudo queries for Charades-STA and Activi-
tyNet Captions datasets respectively. We train the
EMB (Huang et al., 2022) model using our pseudo
labels and keep the training hyper-parameters con-
sistent. The hyper-parameters in sample re-weight
and label refinement are α = β = 0.75.

4.4 Comparison with Other Methods
Table 1 shows the performance comparison of our
SPL to other methods on Charades-STA and Activ-
ityNet Captions datasets respectively. As we can
see, on the Charades-STA dataset, we led in all
metrics, e.g. the mIoU is 4.42% higher than the
second place (Kim et al., 2023). On the ActivityNet
Captions dataset, we obtained the best performance
for R@0.3 and mIoU. On the other hand, we out-
perform some of the weakly supervised methods
without using any human annotation, proving the
quality of the pseudo-labels we generated.

4.5 Experiments on Annotation Bias
In Table 2, we empirically investigate how the per-
formance of different methods are affected by the
annotation bias on the Charades-CD dataset (Yuan
et al., 2021). Charades-CD re-partitioned the
Charades-STA dataset to obtain the test_iid (in-
dependent and identically distributed (IID)) and
test_ood (out-of-distribution (OOD)) splits.

As we can see, the fully supervised method
EMB (Huang et al., 2022) shows a significant drop
(7.79%) in performance on test_ood split, which
indicates that EMB relies on the annotation bias in
the training data. Our method is not affected by the
annotation bias, and hence there is no significant
drop in performance on the test_ood split. As the
Charades-CD dataset is constructed considering
only the bias in the timestamps, the degradation of
the weakly supervised method CPL (Zheng et al.,
2022b) is also not significant, but their overall per-
formance is worse even with the help of annotated
queries. This proves the quality of the pseudo-
labels we generated.



Method Sup.
Charades-STA ActivityNet Captions

R@0.3 R@0.5 R@0.7 mIoU R@0.3 R@0.5 R@0.7 mIoU

2D-TAN (Zhang et al., 2020) - 39.81 23.25 - 58.75 44.05 27.38 -
EMB (Huang et al., 2022) fully 72.50 58.33 39.25 53.09 64.13 44.81 26.07 45.59

MGSL-Net (Liu et al., 2022) - 63.98 41.03 - - 51.87 31.42 -
CRM (Huang et al., 2021) 53.66 34.76 16.37 - 55.26 32.19 - -

CNM∗ (Zheng et al., 2022a) weakly 60.39 35.43 15.45 - 55.68 33.33 - -
CPL (Zheng et al., 2022b) 66.40 49.24 22.39 - 55.73 31.37 - -

Gao et al.∗ (Gao and Xu, 2021)

no

46.69 20.14 8.27 - 46.15 26.38 11.64 -
PSVL∗ (Nam et al., 2021) 46.47 31.29 14.17 31.24 44.74 30.08 14.74 29.62

PZVMR∗ (Wang et al., 2022) 46.83 33.21 18.51 32.62 45.73 31.26 17.84 30.35
Kim et al.∗ (Kim et al., 2023) 52.95 37.24 19.33 36.05 47.61 32.59 15.42 31.85

SPL∗ (ours) no 60.73 40.70 19.62 40.47 50.24 27.24 15.03 35.44

Table 1: Evaluation Results on the Charades-STA Dataset and ActivityNet Captions Dataset. ∗These works use
pre-trained models: ours uses BLIP (Li et al., 2022a), CNM, PZVMR, and Kim et al. use CLIP (Radford et al.,
2021), PSVL fine-tune RoBERTa (Liu et al., 2019), Gao et al. uses VSE++ (Faghri et al., 2017).

Method Sup.
mIoU

iid ood drop

EMB (Huang et al., 2022) fully 55.44 47.65 7.79
CPL (Zheng et al., 2022b) weakly 35.29 33.28 2.01

SPL (ours) no 41.32 39.61 1.71

Table 2: Experiment on annotation bias on Charades.

4.6 Reducing Annotation Cost

Our pseudo-label generation method can reduce the
cost of manual annotation. In practice, considering
the balance between performance and annotation
cost, we can manually annotate a portion of data
and use our generated pseudo-labels for the remain-
der. In Figure 3(a), We train a fully supervised
model using partially annotated data and augment
missing data with our generated pseudo-labels.
As we can see, supplementing data with pseudo-
labels improves performance compared with train-
ing without pseudo-labels, and when only using
70% of the manually annotated data, the model per-
formance drops by just 0.14%. This shows the prac-
tical application of our approach in reducing anno-
tation costs and improving annotation efficiency.

4.7 Ablation Studies

To verify the effectiveness of our method, we con-
duct ablation studies on the Charades-STA dataset.

Compare with existing pipeline. In Table 3,
we compare the pipeline used in exsisting methods
and our method. We train our localization model
with PSVL (Nam et al., 2021)’s and our pseudo
queries and events respectively. As we can see in
Table 3, (1) even with the same query from PSVL,
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Figure 3: (a) Experiment of reducing annotation cost
on the Charades-STA dataset. (b) The average weights
(scaled to [0, 1]) assigned to the samples with different
cleanliness.

Event Query Model R@0.5 R@0.7 mIoU

PSVL PSVL PSVL 31.29 14.17 31.24
PSVL PSVL Ours 29.62 15.70 33.45
PSVL Ours Ours 36.94 19.30 38.31
Ours Ours Ours 40.70 19.62 40.47

Table 3: Compare with PSVL (Nam et al., 2021)’s
pipeline on the Charades-STA dataset.

our noise-robust localization model still show clear
performance advantages; (2) our pseudo queries
and temporally structured events demonstrate sig-
nificant performance improvements, which proves
the effectiveness of our pipeline. Besides, we cal-
culate the variances of pseudo-query features in
our method and PSVL. The variances are 0.88 and
0.67 respectively, which demonstrates our pseudo-
queries are more flexible and diverse.

Effectiveness of pseudo event generation. Ta-
ble 4 shows the performance of different ways of
generating pseudo-events. ‘Naive’ means randomly
generating events; ‘Expand’ means expanding the
frame where the query is generated until the similar-



Event generation R@0.5 R@0.7 mIoU

Naive 28.31 11.99 33.59
Expand 30.62 15.24 35.23
PSVL 36.94 19.30 38.31
SPL 40.70 19.62 40.47

Table 4: Effectiveness of pseudo event generation.

Label filter R@0.5 R@0.7 mIoU

Random 24.52 12.20 34.12
Similarity 32.45 16.72 31.85

SPL 40.70 19.62 40.47

Table 5: Effectiveness of label filtering.

ity falls below a certain threshold. ‘PSVL’ means
the pseudo-events used in (Nam et al., 2021). It
can be found that our method takes into account
the temporal structure of the event, and therefore
has the best performance.

Effectiveness of label filtering. Table 5 shows
the performance of different ways of selecting
pseudo labels. ‘Random’ means randomly select-
ing K pseudo labels for a video; ‘Similarity’ means
selecting top-K pseudo labels with the highest aver-
age similarity within the event. As we can see, our
method requires not only a high similarity within
the event but also a low similarity outside the event
to prevent the query from being too general and
therefore having the best performance.

Number of training queries. Table 6 shows
the performance trained with different number of
pseudo-labels generated for a video. As we can
see, when the number of pseudo-labels is small,
increasing the number of pseudo-labels improves
the performance. However, when the number of
pseudo-labels is too large, the number of incorrect
pseudo-labels also increases and therefore has a
negative impact on the model.

Effectiveness of reducing label noise. Table 7
shows the effectiveness of sample re-weight and
pseudo-label refinement. As we can see, both
the sample re-weight and pseudo label refinement
improve the performance. In addition, to intu-
itively demonstrate the effect of label re-weight,
we construct a noise-controlled training set by ran-
domly offsetting the temporal annotations in the
Charades-STA dataset. Figure 3(b) shows the aver-
age weights assigned to the samples with different
cleanliness (IoU with true label). As we can see,
the cleaner the sample is, the greater the weight as-
signed to it, which demonstrates that our re-weight

Queries per video R@0.5 R@0.7 mIoU

1 26.96 12.98 32.32
5 35.59 18.41 37.70
10 40.70 19.62 40.47
20 40.43 19.49 39.84

Table 6: Different number of pseudo-queries per video.

Reweight Refine R@0.5 R@0.7 mIoU

% % 38.74 18.71 39.38
% " 39.68 20.13 40.07
" % 39.76 19.78 39.91
" " 40.70 19.62 40.47

Table 7: Effectiveness of reducing label noise.

method indeed estimates the noise in the sample.
Choices of hyper-parameters α and β. In Fig-

ure 4, we compared the performance of using differ-
ent values of hyper-parameters α and β in sample
re-weight and label refinement. As we can see,
when α or β is small, our sample re-weight and
label refinement overly relies on the confidence
of the model’s output. This can have a negative
impact when the model’s output confidence is not
accurate. As α and β gradually increase to 0.75,
the model performance also gradually improves.
When α and β are both 1, we do not re-weight
samples or refine the labels, which exacerbates the
impact of label noise on the model and leads to a
decrease in performance.

4.8 Qualitative Results
Figure 5 shows some qualitative results on the
Charades-STA dataset. In Figure 5(a), we show
some pseudo queries and pseudo events from the
Charades-STA and ActivityNet Captions datasets
respectively. As we can see, we generate the
free-form nature language query for the video and
the pseudo-event is also correct. In Figure 5(b),
we show some predictions of our model on the
Charades-STA dataset. As we can see, the knowl-
edge learned from the pseudo-labels can be gener-
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Figure 4: Choices of hyper-parameters α and β.
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Video:

Pseudo Query: a young woman in floral dress taking a photo with a camera
Pseudo Event: 8.3s 15.0s
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Pseudo Query: a woman standing by an open kitchen counter
Pseudo Event:
0.0s 41.7s

Video:

Query: a person watches another run up some stairs.
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Figure 5: (a) Pseudo-labels on the Charades-STA and
ActivityNet Captions datasets respectively. (b) Our pre-
dictions on the Charades-STA dataset.

alized to real queries.

5 Conclusion

In this work, we introduce a novel model SPL for
zero-shot video sentence localization. We first gen-
erate free-form interpretable pseudo queries for
video frames and construct query-dependent event
proposals by modeling the event temporal structure.
To mitigate the effect of pseudo-label noise, we pro-
pose an iterative sample re-weight and pseudo-label
refinement method during training. Experiments
on the Charades-STA and ActivityNet Captions
datasets show the advantages of our method.

6 Limitations

In this work, we propose a structure-based pseudo-
label generation method for zero-shot video sen-
tence localization and propose a noise-resistant
method to reduce the effect of pseudo-label noise.
The limitations of our work are: (1) although
we generate free-form natural language queries,
the distribution of generated queries may still dif-
fer from the distribution of queries in the dataset
(e.g. queries on the Charades-STA dataset usually
start with ‘person’), which may degrade the perfor-
mance during testing; (2) our pseudo label refine-
ment can correct the noisy event labels, but there is
no mechanism to correct noisy queries. These can
be studied as future works.
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