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Abstract

Video activity localisation has recently attained increas-
ing attention due to its practical values in automatically
localising the most salient visual segments corresponding
to their language descriptions (sentences) from untrimmed
and unstructured videos. For supervised model training, a
temporal annotation of both the start and end time index of
each video segment for a sentence (a video moment) must
be given. This is not only very expensive but also sensi-
tive to ambiguity and subjective annotation bias, a much
harder task than image labelling. In this work, we develop
a more accurate weakly-supervised solution by introducing
Cross-Sentence Relations Mining (CRM) in video moment
proposal generation and matching when only a paragraph
description of activities without per-sentence temporal an-
notation is available. Specifically, we explore two cross-
sentence relational constraints: (1) Temporal ordering and
(2) semantic consistency among sentences in a paragraph
description of video activities. Existing weakly-supervised
techniques only consider within-sentence video segment
correlations in training without considering cross-sentence
paragraph context. This can mislead due to ambiguous ex-
pressions of individual sentences with visually indiscrimi-
nate video moment proposals in isolation. Experiments on
two publicly available activity localisation datasets show
the advantages of our approach over the state-of-the-art
weakly supervised methods, especially so when the video
activity descriptions become more complex.

1. Introduction

Video activity localisation by natural language is an im-
portant yet challenging task, which aims to localise tempo-
rally a video segment (moment') that best corresponds to
a query sentence in an untrimmed (and often unstructured)
video [21, 8]. Most of the existing methods address this
task in a fully supervised manner [22, 6], i.e. the untrimmed
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Figure 1: Different video activity localisation methods: (a)
Given a paragraph description and the per-sentence tempo-
ral annotation (start and end time index), fully-supervised
methods learn to align sentences with ground-truth seman-
tically matching video moments [0, 22]. (b) Without fine-
grained temporal annotations, weakly-supervised models
often generate proposals of video segments corresponding
to sentences in a paragraph before learning the best visual-
text alignment [20, 18]. (¢) The CRM model explores the
temporal order of different sentences in a paragraph to min-
imise the ambiguities in matching the best video moments
to specific sentences in the context of a paragraph. (d) To
deal with ambiguous expressions in descriptions, CRM fur-
ther explore plausible sentence expansion, e.g. pairing two
sentences (concatenation) as a more complex query to con-
strain the localisation of pairwise video moment proposals.
This explores cross-sentencing semantic consistency.

video data are annotated by both a paragraph description,
in which each sentence is describing a video moment-of-
interest (Mol), and per-sentence temporal boundaries on the
precise start and end time indices of every Mol. Given such
fine-grained labelling, models can generate Mols from the
original videos to learn the best alignment of Mols with
their descriptions (Fig. | (a)). To avoid the high annotation
cost and subjective annotation bias’, recent works focus on

2Different temporal boundaries are marked for the same sentences [1].
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weakly-supervised learning without per-sentence temporal
boundary annotations in training [8, 11, 21].

Existing weakly-supervised solutions [37, 25, 18] lo-
calise different Mols individually (Fig. 1 (b)), which is
not optimal as it neglects the fact that the cross-sentence
relations in a paragraph play an important role in tempo-
rally localising multiple Mols. Critically, an individual sen-
tence is sometimes ambiguous out of its paragraph con-
text [30, 24, 39]. For example in Fig. 1 (c), without the
consideration of the temporal relations with the second sen-
tence, the first query sentence (purple) can be easily mis-
matched with incorrect video segment, which is visually in-
discriminate from the ground-truth moment. Our analysis
on the ActivityNet-Captions [15] shows that the temporal
relations of over 65% moment pairs predicted by a latest
model [18] are contradictory with the true order of their
descriptions. Yet, Mols described by a paragraph are of-
ten semantically related to each other in their correspond-
ing sentences. For example in Fig. 1 (d), “the man” in the
blue query exhibits ambiguity if its semantic relations with
previous sentences are ignored. We also observed that more
than 38% descriptions in ActivityNet-Captions [15] contain
ambiguous ways of referring to expressions, e.g. pronouns.
To conclude, there are large error-margins in mis-localising
individual sentences to video segments in isolation.

In this work, we introduce a weakly-supervised method
for video activity localisation by natural language called
Cross-sentence Relations Mining (CRM). The key idea is
to explore the cross-sentence relations in a paragraph as
constraints to better interpret and match complex moment-
wise temporal and semantic relations in videos. Given the
one-to-one moment-sentence mappings, the inherent cross-
moment relations are unknown and not straightforward to
be modelled in videos but intrinsically available in the para-
graph descriptions. Hence, we impose the same cross-
sentencing relations to their potentially matching video mo-
ments for more reliable proposal selections. The proposed
CRM method differs significantly from the existing weakly-
supervised models [37, 20, 25] which localise per-sentence
queries individually. They lack fundamentally any ability
to make use of the cross-sentence relations for moment pro-
posal selection in model training. Even though such rela-
tional information is less complete than per-sentence fine-
grained temporal annotation, it requires no annotation and
avoids subjective bias from inherent ambiguity in tempo-
ral labelling [1]. Specifically, by assuming different activ-
ities in videos are described sequentially, we formulate a
temporal consistency constraint to encourage the selected
moments to be temporally ordered according to their de-
scriptions in a paragraph (Fig. 1 (¢)). This is different from
the temporal pretext tasks in self-supervised video learn-
ing where the temporal constraint is adopted within a single
modality. We exploit it in a cross modality setup, i.e., con-

straining the temporal order of event in visual modality by
the sentences order in text modality. Moreover, we encour-
age moment proposal selections to satisfy cross-sentence
broader semantics in context to minimise video-text match-
ing ambiguities. To that end, we introduce a semantic con-
sistency constraint to ensure that a moment selected for any
pairing of two sentences (concatenation) in a paragraph is
consistent (overlapping) with the union of the selected seg-
ments per sentence (Fig. 1 (d)).

Our contributions are: (1) To our best knowledge, this
is the first idea to develop a model using cross-sentence re-
lations in a paragraph to explicitly represent and compute
cross-moment relations in videos, so as to alleviate the am-
biguity of each individual sentence in video activity locali-
sation. (2) We formulate a new weakly-supervised method
for activity localisation by natural language called Cross-
sentence Relations Mining (CRM), that trains a model with
both temporal and semantic cross-sentence relations to im-
prove per-sentence temporal boundary prediction in test-
ing. (3) Our approach achieves the state-of-the-art perfor-
mance on two available activity localisation benchmarks,
especially so given more complex query descriptions.

2. Related Works

Early studies of video activity localisation by natural lan-
guage mostly concentrate on making use of temporal anno-
tations to learn visual-text alignment with strong supervi-
sion [9, 2, 12, 34, 33, 6]. However, due to the unafford-
able annotation cost of the fine-grained temporal boundary,
a growing number of works in recent years have turned to
tackle this task with only the video-level moment’s descrip-
tion, i.e. weak supervision [8, 11,21, 18, 28, 37].

Strong Supervision. With the help of temporal an-
notation, fully-supervised methods localise activity in
untrimmed videos either in frame or segment-level. SAP [5]
proposed to compute the visual-linguistic correlation scores
of the sentences and every frame in videos and group
the highly correlated frames as the predicted moments.
MCN [13] instead pre-divided videos into candidate seg-
ments (proposals) with variant lengths in different posi-
tions so to conduct segment-level semantic alignment. The
latest methods either follow SAP to predict the probabili-
ties of boundary across frames [3, 33, 6, 4, 22] or in the
same spirit as MCN to select from a set of pre-defined pro-
posals constructed by explicit sliding windows [9, 19] or
implicit multi-granularity anchors [34, 29, 32]. Recently,
DPIN [27] proposed to combine the two localisation strate-
gies by a dual path interaction network so to take the ad-
vantage of both. Regardless of their remarkable success,
fully-supervised methods rely heavily on the fine-grained
temporal annotation, which is not only expensive but also
prone to subjective bias [1]. In this work, we propose to
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[ Split [Method [ Moment | Query [ToU@0.1[IoU@0.3 [ToU@0.5 |
DPIN [27] v X - 6240 | 4727
2D-TAN[35]| v X - 5945 | 4451

val-2 | DRN [33] X X - - 42.49
LGI [22] v X - 58.52 | 4151
HVTG [6] X X - 57.60 | 40.15
WSDEC[3]] X X | 6271 [ 4198 | 2334
WSLLN[11]| X X 754 42.8 22.7

val-l BAR 23] v X - 49.03 | 30.73
CRM (Ours) |/ v/ | 7666 | 5117 | 31.67
SCN 18] v X | 7148 | 4723 | 2922

vala | RTBPN [30] | v X | 7373 | 4977 | 29.63
CCL [37] v X - 50.12 | 31.07
CRM (Ours) |/ v/ | 816l | 5526 | 3219

oop | WSDEC[ET | v X | 3071 | 17.00 | 717
CRM (Ours) |/ v/ | 3835 | 2277 | 1031

(a) ActivityNet-Captions

[Method [ Moment [ Query [IoU@0.3 [IoU@0.5 [ToU@0.7 |

DPIN [27] v X - 4798 | 26.96

2D-TAN [35]| X - 39.81 | 23.25

DRN [33] X X - 53.09 | 31.75

LGI [22] v X 7296 | 59.46 | 3548

HVTG [6] X X 61.37 | 47.27 | 2330

TGA [21] X X 29.68 17.04 6.93

SCN[18] v X 4296 | 23.58 9.97

LoGAN [25] v X 51.67 | 34.68 | 14.54

BAR [28] v X 4497 | 27.04 | 1223

RTBPN [306] v X 60.04 | 3236 | 1324

VLANet [20]| v X 4524 | 31.83 14.17

CCL [37] 4 X - 33.21 15.68

CRM (Ours) | v v 53.66 | 3476 | 16.37

(b) Charades-STA

Table 1: Performance comparisons on video activity local-
isation methods. Fully and weakly-supervised methods are
shown in the upper and lower part of each table, respec-
tively. The ‘Moment’ column refers to methods trained
by exploiting multiple video moments corresponding to the
same-sentence, whilst the ‘Query’ column refers to training
by cross-sentence temporal ordering and sentence pairing in
the context of a paragraph. The ‘Split’ column denotes the
different data splits in the ActivityNet-Captions used in the
evaluations. The discounted recall rates [31] are reported
for the ‘OOD’ split of ActivityNet-Captions.

over, the performance improvement is more significant on
ActivityNet than Charades. Given the generally more com-
plex activities in ActivityNet, this shows that training CRM
on combinations of pairwise sentencing as semantic consis-
tency constraint (Eq. (9)) has its unique advantages in activ-
ity localisation against more complex query descriptions.

Temporal Consistency. To verify our assumption on
temporal order, we compared how many correct predictions
learned with and without Lpyp (Eq. (8)) against the ground-
truth. Specifically, for each video consists of n Mols, we
constructed C'2 Mol pairs and measured the ratio of consis-

90

=BCE

58 BCE-+SMT
;\; 60 BCE+TMP
= 50 BCE+SMT+TMP
g 40
~ 30 I

20 I I

10

‘ |
ToU=0.1 ToU=0.3 ToU=0.5 ToU=0.3 ToU=0.5 ToU=0.7

ActivityNet Charades-STA

Figure 3: Effects of cross-sentence relations mining. BCE is
the base model trains with only the MIL objective (Eq. (6)).
TMP and SMT are the proposed constraints on temporal
(Eq. (8)) and semantic (Eq. (9)) relational consistency.

Train Test
Temporal | ActivityNet | Charades || ActivityNet | Charades
X 64.28 73.88 45.02 73.91
v 82.43 74.88 70.82 74.65

Table 2: Temporal consistency between the descriptions of
Mol pairs and their selected proposals. Metric: accuracy.

Train Test
Semantic | ActivityNet | Charades || ActivityNet | Charades
X 55.76 35.34 57.84 31.01
v 68.14 55.46 71.30 51.33

Table 3: Semantic consistency between the union of two
Mols’ segments and the one selected for the concatenation
of their descriptions. Metric: prediction recall at IoU = 0.5.

tent pairs by comparing the order of the two ground-truth
moments and that of the selected proposals. Table 2 shows
that by explicitly training CRM with cross-sentence tempo-
ral order constraint, the video segments selected by CRM
is much more consistent in temporal relations on Activi-
tyNet than the base models without it. Although different
moments in the test set are localised independently, such
advantages are still clear. Besides, it is surprising to see that
the cross-moment temporal relations yielded by the base
model on Charades are reasonably consistent with the true
order but the temporal constraint still benefited the locali-
sation results. This implies the potential advantages of op-
timising joint matching scores of moment pairs with their
descriptions in learning effective visual-text alignment.

Semantic Consistency.  As in the analysis of temporal
consistency, we enumerated all the possible Mol pairs in the
same videos and quantify the semantic consistency by tak-
ing the union of Mol pairs as the ground-truth moment cor-
responding to the concatenation of their descriptions. More
specifically, given the sentence description of two Mols and
their temporal boundary S* and S7, we concatenated the
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two per-sentence queries and identified the video segment
S* yielding the largest matching scores with the concatena-
tion. We then computed the temporal IoU between S* U S7
and S*, where S* is deemed semantically consistent with
St U §7if IoU(S* U $7,8Y) > 0.5. Note that it is not
necessary for the two moments to be consecutive in time
so that our semantic assumption can hold, as the bound-
ary defined by the concatenated description always matches
their temporal union. Table 3 shows that the baseline model
trained without semantic constraint in Eq. (9) yields sen-
sible performances in localising the paired queries. This
demonstrates that CRM implicitly learns to consider the se-
mantic context of queries by the attention units. The supe-
rior results of CRM trained with explicit semantic constraint
shows that it encourages broader consensus in semantics
across sentences. This explains why the performance ad-
vantages of CRM is more significant when localising more
complex activities in ActivityNet.

A bald man walked towards the monkey bars,

r Ho walked back to o M: then he walked towards a lower pole. 2193
50

the monkey bar.

ii‘i\\ E“E% - I'

One cat then begins to lick the other.

The first cat then stops and = o
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Figure 4: Qualitative examples show the interaction be-
tween Mols in the same videos. The green bars indicate the
ground-truth MolI’s boundaries whilst the blue bars show
the model predictions by CRM. The query sentences are
simplified for illustrations only given the space limit.

Qualitative Examples.  Fig. 4 shows some qualitative
examples from both ActivityNet and Charades. They show
how different Mols in the same videos may interact with
each other so that their relations can be used to optimise per-
sentence activity localisation in the context of a paragraph.
It is evident that localising video moments by per-sentence
independently is unreliable, e.g. in the first example (top-
row), the man reaches the monkey bars both before and af-
ter he walks toward the lower pole. “The first cat” example
in the middle-row is ambiguous without context. By ex-
plicitly exploring the cross-sentence relations, CRM avoids
such ambiguities and minimises video-text misalignment.

Effects of Attention Units.  As the building block of our
MMN backbone in section 3.1, the attention units play a
significant role in exploring the videos and sentences data
as well as their correlations. We investigated its effect by
comparing the prediction recall of CRM constructed with
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(b) Cross-attention

Figure 5: Effects of attention units. Models are constructed
and trained with different numbers of self-attention and
cross-attention units to investigate their effects.

different numbers of attention units, showing its benefits in
sequence analysis and visual-text interactions (Fig. 5). On
the other hand, due to the limited video data available for
training (10K/5K on ActivityNet/Charades), stacking up at-
tention layers fails to further benefit CRM, leading to model
performance degradation possibly due to overfitting.

5. Conclusion

In this work, we presented a novel Cross-sentence Re-
lations Mining (CRM) method for learning video activity
localisation in the absence of per-sentence temporal an-
notation. CRM explores cross-sentence relations within
each paragraph description of a long video to optimise
video moment proposal selections in training so to improve
per-sentence localisation in testing. CRM minimises mis-
matching individual sentences to video moment proposals
during training by constraining their selections according to
the temporal ordering and pairwise sentencing as expanded
queries in the context of a paragraph description of video.
This improves notably CRM’s capacity to localise more ac-
curately video activities against more complex language de-
scriptions. Experiments on two available activity localisa-
tion benchmark datasets show the performance advantages
of the proposed CRM method over a wide range of state-of-
the-art weakly-supervised models. Extensive ablation stud-
ies further provided in-depth analysis of the effectiveness of
the individual components in CRM.
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