
Towards Generalisable Video Moment Retrieval:
Visual-Dynamic Injection to Image-Text Pre-Training

Dezhao Luo1, Jiabo Huang1, Shaogang Gong1, Hailin Jin2, and Yang Liu3*

1Queen Mary University of London

{dezhao.luo, jiabo.huang, s.gong}@qmul.ac.uk
2Adobe Research, 3WICT, Peking University

hljin@adobe.com, yangliu@pku.edu.cn

Abstract

The correlation between the vision and text is essen-
tial for video moment retrieval (VMR), however, existing
methods heavily rely on separate pre-training feature ex-
tractors for visual and textual understanding. Without suf-
ficient temporal boundary annotations, it is non-trivial to
learn universal video-text alignments. In this work, we
explore multi-modal correlations derived from large-scale
image-text data to facilitate generalisable VMR. To address
the limitations of image-text pre-training models on captur-
ing the video changes, we propose a generic method, re-
ferred to as Visual-Dynamic Injection (VDI), to empower
the model’s understanding of video moments. Whilst ex-
isting VMR methods are focusing on building temporal-
aware video features, being aware of the text descriptions
about the temporal changes is also critical but originally
overlooked in pre-training by matching static images with
sentences. Therefore, we extract visual context and spa-
tial dynamic information from video frames and explicitly
enforce their alignments with the phrases describing video
changes (e.g. verb). By doing so, the potentially relevant
visual and motion patterns in videos are encoded in the cor-
responding text embeddings (injected) so to enable more
accurate video-text alignments. We conduct extensive ex-
periments on two VMR benchmark datasets (Charades-STA
and ActivityNet-Captions) and achieve state-of-the-art per-
formances. Especially, VDI yields notable advantages when
being tested on the out-of-distribution splits where the test-
ing samples involve novel scenes and vocabulary.

1. Introduction
Video moment retrieval (VMR) aims at locating a video

moment by its temporal boundary in a long and untrimmed
video according to a natural language sentence [3, 13]. It
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Figure 1. Contemporary methods lack moment-text correlations.
Our method takes the advantage of image-text pre-trained models
and learns moment-text correlations by visual-dynamic injection.

is a critical task which has been extensively studied in a va-
riety of real-world applications including human-computer
interaction [5], and intelligent surveillance [9]. In practice,
raw videos are usually unscripted and unstructured, while
the words being chosen for describing the same video mo-
ments can be varied from person to person [45, 63]. To
be generalisable to different scenes, VMR is fundamentally
challenging as it requires the comprehension of arbitrary
complex visual and motion patterns in videos and an un-
bounded vocabulary with their intricate relationships.

For the fine-grained retrieval objective of VMR, the pre-
cise segment-wise temporal boundary labels are intuitively
harder to be collected than conventional image/video-level
annotations. In this case, rather than training from scratch
with a limited number of temporally labelled videos, ex-
isting VMR solutions [3, 13, 14, 62] heavily rely on single-
modal pre-training [8, 48] for visual and textual understand-
ing (Fig. 1 (a)). By doing so, they focus on modelling the
correlations between the pre-learned features of videos and
sentences. Nonetheless, without sufficient training data, it
is non-trivial to derive universal video-text alignments so to
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generalise to novel scenes and vocabulary.
Separately, the recent successes achieved by joint vision-

language pre-training in zero-shot learning [21, 42] demon-
strate the potential of adapting the multi-modal correlations
derived from large-scale visual-textual data to facilitate gen-
eralisable VMR. Whilst it is intuitive to adopt the video-
text pre-learned features [34, 38, 50] for moment retrieval
(Fig. 1 (b)), it has been shown that the models pre-trained
with coarse-grained video-level labels can not transfer well
to localisation-based tasks like VMR due to their unaware-
ness of fine-grained alignments between text and frames or
clips [2]. Such a misalignment problem is less likely to exist
in pre-training by image-text matching. However, image-
based pre-training models [21, 42] are less sensitive to the
changes in videos and the words describing such dynamics
in text [17]. This is inherent in matching sentences and im-
ages with static content but is significant in understanding
video actions and activities (Fig. 1 (c)). It is suboptimal to
directly apply image-text pre-learned features on VMR.

In this work, we propose a generic method for exploit-
ing large-scale image-text pre-training models to benefit
generalisable VMR by the universal visual-textual corre-
lations derived in pre-training, dubbed as Visual-Dynamic
Injection (VDI). The key idea is to explore the visual con-
text and spatial dynamic information from videos and in-
ject that into text embeddings to explicitly emphasise the
phrases describing video changes (e.g. verb) in sentences
(Fig. 1 (d)). Such visual and dynamic information in text is
critical for locating video moments composed of arbitrary
evolving events but unavailable or overlooked in image-
text pre-training. Specifically, we consider it essential for
VMR models to answer two questions: “what are the ob-
jects” and “how do the objects change”. The visual context
information indicates the content in the frames, e.g. back-
grounds (scenes), appearances of objects, poses of subjects,
etc. Meanwhile, the spatial dynamic is about the location
changes of different salient entities in a video, which po-
tentially implies the development of their interactions. VDI
is a generic formulation, which can be integrated into any
existing VMR model. The only refinement is to adapt the
text encoder by visual-dynamic information injection dur-
ing training. Hence, no additional computation costs are
introduced in inference.

Our contributions are three-folded: (1) To our best
knowledge, this is the first attempt on injecting visual and
dynamic information to image-text pre-training models to
enable generalisable VMR. (2) We propose a novel method
for VMR called Visual-Dynamic Injection (VDI). The VDI
method is a generic formulation that can be integrated into
existing VMR models and benefits them from the universal
visual-textual alignments derived from large-scale image-
text data. (3) The VDI achieves the state-of-the-art perfor-
mances on two standard VMR benchmark datasets. More

importantly, it yields notable performance advantages when
being tested on the out-of-distribution splits where the test-
ing samples involve novel scenes and vocabulary. VDI’s
superior generalisation ability demonstrates its potential
for adapting image-text pre-training to video understanding
tasks requiring fine-grained visual-textual comprehensions.

2. Related Work
2.1. Video Moment Retrieval

To tackle the VMR task and predict accurate moment
boundaries, existing methods [19, 20, 32, 55, 61, 62] first
generated visual features and textual features from pre-
training encoders [44, 51], then they designed correlation
models to align the two modalities. Ghosh et al. [14], Liu
et al. [31] and Zeng et al. [60] proposed to select the start-
ing and ending frames by leveraging cross-modal interac-
tions between text and video. He et al. [15] and Wang et al.
[54] proposed reinforcement learning methods for VMR.
Gao et al. [13], Wang et al. [55], Zhang et al. [62] took
a two-stage pipeline by generating proposals and ranking
them relying on the similarity between proposal and query.
Li et al. [27], Liu et al. [33], Yang et al. [58] focused on de-
bias problems including the temporal location bias [33, 58],
or the word-composition bias [27].

Even though existing methods have demonstrated
promising performance for VMR, we argue that models that
take separate pre-training visual and textual feature extrac-
tors are suboptimal as they need to learn the alignment of
the two modalities from scratch. It is demanding to learn
from large-scale image-text datasets due to a lack of well-
annotated moment-text datasets [38] resulting in poor gen-
eralisation [2].

2.2. Vision-Language Pre-Training

Vision-language models have demonstrated great poten-
tial in learning generic visual representations and allowing
transferring to a variety of downstream tasks [25, 43]. Pre-
viously, Frome et al. [12], Mori et al. [40], Weston et al. [56]
had explored the connection between images and words us-
ing paired text documents. As more and more data ac-
cessible from the Internet, image-text pre-training models
including CLIP [42], ALIGN [21], ALBEF [28] and Flo-
rence [59] proposed to pre-train vision–language models
with a contrastive loss. Benefiting from large-scale web
data (400M for CLIP, 1.8B for ALIGN and 900M for Flo-
rence), image-text pre-training methods can learn powerful
visual representation as well as their correlations. Similar
ideas can be seen in video-text pre-training [2] with a large-
scale video-text dataset Howto100M [38].

Even though the pre-training image-text models can cap-
ture the object appearance from visual embeddings and their
corresponding description (e.g. nouns) in the text embed-
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Figure 2. The framework of VDI, in which the video V is fed into a visual encoder to generate image global features Xv and image patch
features X̃v . The sentence Q is parsed into static query Qs and dynamic query Qd. Visual Context Injection (Lvc) aligns the Qd with Qs

guided visual context information. Spatial Dynamic Injection (Lsd) empowers the Qd with the awareness of the spatial dynamics.

dings [49], we consider they are suboptimal to capture the
change between frames as well as their corresponding de-
scriptions (e.g. verbs) in the text.

2.3. Correlation Transfer Learning

Cao et al. [2] explored the video-text pre-training to
learn the alignment between moment and text. However,
it is suboptimal with a lack of fine-grained well-annotated
video-text alignment samples (50% samples are not aligned
in dataset Howto100M [38]). Meanwhile, image-text pre-
training methods have shown promising generalisable abil-
ity with multiple downstream tasks, including image classi-
fication [6, 35], action recognition [53], video retrieval [37].
Ju et al. [22] transferred CLIP models [42] to multiple video
tasks by textual prompting and visual temporal modelling.
Wang et al. [53] utilized CLIP models for video recogni-
tion by traditional end-to-end fine-tuning. Lin et al. [29]
proposed to build temporal dependencies between images.
Cheng et al. [4], Luo et al. [37] proposed to use correlation
modelling ability from CLIP models and build their tempo-
ral relations by transformers[52] for video retrieval task.

Even though existing methods [4, 22, 29, 37] demon-
strated promising results in transferring CLIP to video un-
derstanding task, a problem still remains: image-text pre-
training models are less sensitive to actions[17]. In this
work, we explore multi-modal correlations derived from
large-scale image-text data for generalisable VMR. To en-
able the action understanding for image-text pre-training
models, we extract visual context information and spatial
dynamic information and enable the text encoder to under-
stand the entities in video frames and their movements.

3. VMR by Image-Text Pre-Training

Given an untrimmed video V = {Ii}L
v

i=1 composed of
Lv frames and a natural language sentence Q, the objective
of video moment retrieval is to predict when the target video
moment starts ts ∈ [1, Lv] and ends te ∈ [ts, Lv] in the
video V . For generalisable VMR, not only what happens
in V and what is described in Q but also their alignments
are supposed to be modelled. This is intrinsically challeng-
ing considering the free-form nature of both the unscripted
videos and natural language sentences as well as their com-
plex correlations.

To retrieve a target video moment by a text sentence, the
untrimmed video V and query sentence Q are first fed into
a pre-training visual and a textual encoder in respective to
obtain the video Xv = {xv

i }L
v

i=1 = {fv(Ii)}L
v

i=1 ∈ RD×Lv

and sentence xq = fq(Q) ∈ RD features. Both the fea-
tures will then be taken as the inputs to a video moment re-
trieval model fg(Xv,xq) to predict the temporal boundary
of the target moment (t̃s, t̃e). As the visual and textual en-
coders are pre-trained on image-text data, they are unaware
of temporal changes in videos or the words/phrases describ-
ing them in the text. Therefore, we additionally adapt the
two encoders (Fig. 2) to model the visual context and spatial
dynamic in both modalities. Together with the pre-learned
visual-textual correlations which are prone to be universal,
the video change-sensitive features will enable fg to predict
accurate temporal boundary even for video moments filmed
in novel scenes or described by unseen vocabulary.

3.1. Visual-Dynamic Injection

We start with using a language parsing tool1 to extract
all the noun chunks (a noun plus the words describing the

1spaCy: https://spacy.io/
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noun) in the query sentence Q, which are supposed to de-
scribe the entities of interest in the target video moment.
We mask all the other words in the sentence Q and con-
sider such a masked query can be matched with the corre-
sponding video content without knowing the temporal de-
pendencies among frames. In this case, we call the masked
sentence about the static content in videos as static query
Qs. In contrast, we construct another dynamic query Qd

with all the noun chunks in Q being masked, which is criti-
cal for understanding complex video moments composed of
arbitrary evolving events but missing in the image-text pre-
training. Whilst the video change information can be cap-
tured by additional sequence analysis in the video moment
retrieval model fg , it is impractical for fg to understand the
phrases describing video changes in the text which are origi-
nally overlooked in xq . Therefore, we model video changes
with visual context injection and spatial dynamic injection
and enforce the text encoder to match the dynamic queries
Qd with them. By doing so, the adapted text encoder is able
to yield visual-dynamic sensitive representations for query
sentences to ensure more accurate VMR by both visual and
dynamic matching.

Visual Context Injection. The visual context we discover
in the videos is about how the frames display the entities
related to the video changes. Such visual information is
likely to encoding the presence of scenes (e.g. outdoor or
indoor), the status of entities (e.g. boiling or cold water)
and etc. It is important for recognising and locating video
moments which involve specific objects and scenes. To that
end, we apply a transformer decoder [52] and encode the
visual context information into the static query Qs:

xqs = fq(Qs) ∈ RD,

x̃qs = TransDecoder(xqs, Xv, Xv) ∈ RD.
(1)

In Eq. (1), xqs is the D-dimensional textual feature of the
static query Qs obtained by the text encoder fq , Xv is the
video frame features, and x̃qs is the visual context-aware
feature of Qs computed by a transformer decoder whose
three inputs correspond to the query, key and value, respec-
tively. To inject such visual context information to the text
encoder with a focus on the words describing the changes
in videos, we compute the dynamic query feature Qd by the
text encoder and encourage its consistency with x̃qs:

xqd = fq(Qd) ∈ RD

Lvc(V,Q) = ∥FC(xqd)− x̃qs∥22,
(2)

where FC(·) is a linear projection layer. The rationale be-
hind this design is to probe the video frames by the static
query in order to select the visual context engaging the en-
tities potentially existing in the target moments. By doing

so, the text encoder is updated to align the dynamic query
with its visual context and avoid distractions from irrelevant
video content.

Spatial Dynamic Injection. Besides the visual context
demonstrating the entity of interests in frames, another cru-
cial information for video change is about how the spatial
locations of different entities change in time order. How-
ever, the motion patterns encoding such dynamic informa-
tion is hidden in the complex visual patterns in videos. It
is non-trivial to discover and use them to raise the text en-
coder’s attention on the corresponding descriptions. There-
fore, we propose to extract the location changes of salient
entities in videos and explicitly inject such spatial dynam-
ics into the text encoder. To that end, we first obtain the
per-frame spatial features X̃v

i ∈ RD×H×W ∀ i ∈ [1, Lv]
as the last feature maps produced by the convolutional
neural networks [16, 26, 47] or the patch-wise features
in Visual Transformers [10]. The H and W denote the
height and width resolutions of concerns. We then adopt a
transformer-like formulation to compute a heatmap for each
video frame:

Mi = FC(xv
i ) · FC(X̃v

i )/
√
D ∈ RH×W . (3)

The frame-wise heatmap is computed by the correlations
between every spatial feature and the global image repre-
sentation. Therefore, the salient entities whose visual infor-
mation is encoded in the image feature will result in corre-
sponding salient regions in the heatmap. We then flatten the
heatmap and feed it into a linear projection layer to compute
a D-dimensional vector as the holistic representation of the
spatial feature for each frame. The spatial dynamics in the
video can be given by any sequence analysis model:

mi = FC(Flatten(Mi)) ∈ RD

m̃ = SeqModel({mi}L
v

i=1) ∈ RD.
(4)

As the visual information is deprecated in the spatial fea-
tures, we cannot probe them by the static query Qs. Hence,
we choose a transformer encoder [52] to build their depen-
dencies and take the averaged outputs as the spatial dynamic
feature m̃ of the video.

To inject such dynamic information into the text encoder,
we then enforce consistent correlations between the spatial
dynamic features of different videos (V and V ′) and the
corresponding descriptions in text (Qd and Qd′

) by

ϵv = cos(m̃, m̃′) ϵq = cos(FC(xqd),FC(xqd′
))

Lsd(V,Q, V ′, Q′) = (ϵv − ϵq)2.
(5)

In Eq. (5), the notation ϵv stands for the cosine similarity
between the spatial dynamic features of two videos while
ϵq is that of the two corresponding dynamic queries Qd and
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Qd′
. In contrast to the visual context injection, since the

spatial features used here lost all the visual cues in videos,
we optimise their correlations consistency with that of the
dynamic queries rather than directly pushing them closer to
the matched textual features. By doing so, different sen-
tences matched with the videos sharing similar motion pat-
terns will be encouraged to focus on the common descrip-
tions of such dynamic information in the text.

Video Moment Retrieval. With the visual and textual
features pre-learned from large-scale image-text datasets as
well as our adaptation of textual features to be aware of tem-
poral changes in videos, our VDI model is ready to benefit
existing VMR models. Here, we take the state-of-the-art
Mutual Matching Network (MMN) as an example. Specifi-
cally, given the frame-wise video features Xv and the sen-
tence feature xq , we first enumerate all the start-end frame
pairs to generate Lm = Lv × Lv video segments as the
candidates of the target moment. We then construct a 2D
feature map Xm = Conv2D({xm

i,j}L
v

i,j=1) ∈ RD×Lv×Lv

where xm
i,j is the feature of the segment starting from the

i-th frame and ending at the j-th frame. After that, both the
features of video segments Xm and query sentences xq will
be linearly projected into a common space and their align-
ments are then measured by cosine similarities cos(·, ·):

Ỹ iou = cos(FC(xq),Conv1D(Xm)) ∈ RLv×Lv

. (6)

The predicted alignment scores Ỹ iou between every segment
and the query sentence will be supervised by the temporal
IoU between it and the manually labelled temporal bound-
ary (ts, te) of the target moment:

yiou
i,j = IoU((ts, te), (i, j)),

Y iou = {yiou
i,j}L

v

i,j=1 ∈ RLv×Lv

,

Liou(V,Q) = BCE(Y iou, Ỹ iou).

(7)

Besides learning to locate video moments by aligning
positive segment-text pairs, we follow MMN to conduct
mutual-modal contrastive learning among negative sample
pairs. In particular, for a moment xm

ts,te in video V and its
description xq , we construct a negative video set Xm− and
a negative sentence set X q−. We then map the segments
and queries features to another shared feature space by lin-
ear projections and conduct contrastive learning by:

X̃m = {x̃m
i,j}L

v

i,j=1 = Conv1D(Xm) ∈ RD×Lv×Lv

,

x̃q = FC(xq) ∈ RD,

pm =
exp(cos(x̃m

ts,te , x̃
q)/τ)∑

x∈{xm
ts,te

}∪Xm− exp(cos(x̃, x̃q)/τ)

pq =
exp(cos(x̃m

ts,te , x̃
q)/τ)∑

x∈{xq}∪X q− exp(cos(x̃m
te,te , x̃)/τ)

Lcl(V,Q) = − log pm − log pq.

(8)

In Eq. (8), the tilde on top of all the segments and queries
features {xm

ts,te ,x
q,x} denotes their linear projected coun-

terparts. The variables pm and pq measure how likely the
model identifies the target moment xm

ts,te and the query sen-
tence xq according to each other from the respective nega-
tive sets. In this multi-modal common space, we can com-
pute another alignment scores between every candidate seg-
ment and the query sentence:

Ỹ cl = cos(x̃q, X̃m) ∈ RLv,Lv

. (9)

The two video-text alignment predictions will then be fused
by the hadamard product and the temporal boundary pre-
dicted for the target moment can then be computed in a
maximum likelihood manner:

Ỹ = Ỹ iou ⊙ Ỹ cl

t̃s = argmax(cmax(Ỹ )), t̃e = argmax(ỹts).
(10)

By learning from Liou and Lcl jointly, the model is trained
to be aware of both the matched and unmatched video-text
information.

Algorithm 1 Visual-Dynamic Injection (VDI)
Input: Untrimmed videos V , Query sentences Q, Temporal
boundary labels (ts, te), A visual fv and a textual encoder
fq from image-text pre-training.
Output: An updated video moment retrieval model.
Generates the static Qs and dynamic Qd query sentences;
Computes the features of Qs and Qd by fq;
Computes the features of videos V by fv;
Computes the visual context Lvc (Eq. (2)) and spatial dy-
namic Lsd (Eq. (5)) losses;
Adapts the textual encoder fq by minimising Lvc and Lsd;
Computes the features of the query Q by fq;
Feeds the features of video V and query Q to fg;
Computes the losses Liou (Eq. (7)) and Lcl (Eq. (8));
Optimises the VMR model fg by minimising Liou and Lcl.

3.2. Model Training

The VDI model is trained in a conventional batch-wise
manner. A mini-batch is composed of n randomly sampled
video-text pair (V,Q) as well as the temporal boundary la-
bels (ts, te) of the target moments. The overall loss func-
tions are computed by:

L =
1

n

n∑
i=1

(λiouLiou(Vi, Qi) + λclLcl(Vi, Qi)+

λvcLvc(Vi, Qi)+

λsd 1

n

n∑
j=1

Lsd(Vi, Qi, Vj , Qj)).

(11)
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The training objective function L in Eq. (11) is then be used
to optimise both the VMR model fg and the text encoder
fq from the pre-training model by any stochastic gradient
descent algorithms. The overall training process of the VDI
model is summarised in Alg. 1.

4. Experiments
To evaluate the importance of generalisable correlations

between the visual and textual space, we conduct experi-
ments on video moment retrieval (VMR) and compare with
the SOTAs on both out-of-distribution (OOD) and indepen-
dent and identically distributed (IID) data splits. In this sec-
tion, we first explain the implementation details and then
report our results in the comparison with recent methods.
Finally, we evaluate the effectiveness of each component in
our methods.

4.1. Experimental Settings

4.1.1 Dataset

Charades-STA [13] is a benchmark dataset for VMR,
which is built upon the Charades dataset [46]. The Cha-
rades dataset is collected for video action recognition and
video captioning. Gao et al. [13] adapt the Charades
dataset to VMR by collecting the query annotations. The
Charades-STA dataset contains 6670 videos and involves
16124 queries, where 12404 pairs are used for training and
3720 for testing. The average duration of the videos is 30.59
seconds and each video contains 2.41 annotated moments,
and the moment has an average duration of 8.09 seconds.
ActivityNet-Captions [24] is collected for the dense video
captioning task from ActivityNet [1] where the videos are
associated with 200 activity classes, and the content is
more diverse compared to Charades-STA. The ActivityNet-
Captions dataset consists of 19811 videos with 71957
queries. The average duration of the videos is around
117.75 seconds and each video contains 3.63 annotated mo-
ments, and the moment has an average duration of 37.14
seconds. The public split of the ActivityNet-Captions
dataset contains a training set and two validation sets val 1
and val 2, including 10009, 4917, 4885 videos separately.

4.1.2 Evaluation Metrics

We adopt “R@n, IoU = µ” and “mIoU” as the evaluation
metrics, where “R@n, IoU = µ” denotes the percentage of
language queries having at least one result whose intersec-
tion over union (IoU) with ground truth is larger than µ in
top-n retrieved moments. “mIoU” is the average IoU over
all testing samples. We report the results as n ∈ {1, 5}
with µ ∈ {0.5, 0.7} for fair IID split comparison follow-
ing MMN [55] and n∈ {1} with µ∈ {0.5, 0.7} and mIoU
for fair OOD split comparison with [27].

4.1.3 Implementation Details

We experiment with the MMN [55] as the VMR frame-
work to evaluate our method. Specifically, we apply the
pre-training visual extractor of the CLIP (ViT-B/32) [42]
as the backbone, and directly feed to the VMR framework
to generate proposals. Our VMR framework is similar to
MMN, where we only delete the linear layer in the pooling
module to maintain the feature structure of CLIP. During
training, we only update the parameters of the text encoder
to empower the understanding of video change, no addi-
tional computation cost is introduced in inference.

We use AdamW [36] optimizer with a learning rate of
1 × 10−4 and a batch size 48 for Charades-STA, a learn-
ing rate of 8 × 10−4 and a batch size 48 for ActivityNet-
Captions. Following MMN, we early stop the training when
we observe the performance on the validation set start to
drop. The learning rate of text encoder is always 1/10 of the
main model. λvc and λsd is set to 0.5 and 0.01.

4.2. Comparison with the SOTAs

In this section, we compare the results of our methods
under the VMR task with the baseline MMN [55] and ex-
isting SOTAs. To evaluate the importance of generalisabil-
ity between the vision and text, we report the results under
OOD testing and IID testing.

4.2.1 Novel-Word OOD Testing

To validate the generalisation ability of our method to cap-
ture unseen words and scenes, we conduct experiments
on novel-word OOD testing. Specifically, the novel-word
OOD split is recently released by Li et al. [27] where the
testing split contains novel words which are not seen in the
training split, and the corresponding scenes are not seen
as well. We follow the settings in Li et al. [27] to report
the performance of Charades-STA[13] and ActivityNet-
Captions [24] under R@1.

Novel-word OOD testing results are shown in Table 1.
We collect the performance reported by Li et al. [27]
and reproduce the baseline model [55] with CLIP features
under the same settings. One can see that we outper-
form the SOTA method by a significant margin. Espe-
cially on Charades-STA dataset, we outperform the base-
line model MMN [55] with a margin of 2.62%/4.46% un-
der the IoU = 0.5/0.7. We outperform VISA [27] by a
margin of 4.12%/7.75%. One can see that on ActivityNet-
Captions, the margin is less obvious than Charades-STA
(2.21% vs 4.12%), it is partially because ActivityNet-
Captions display longer moments than Charades-STA (av-
eraged 37.14s vs 8.09s), so it is more challenging to capture
the video change. Also, compared with the 37 long mo-
ments (Lmom/Lvid ≥ 0.5) in Charades-STA, there are over
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Method Year Pre-train
Charades-STA ActivityNet-Captions

IoU=0.5 IoU=0.7 mIoU IoU=0.5 IoU=0.7 mIoU
WSSL [11] 2018

Video&Text
Separated

2.79 0.73 7.92 3.09 1.13 7.10
TMN [30] 2018 9.43 4.96 11.23 9.93 5.12 11.38
TSP-PRL [57] 2020 14.83 2.61 14.03 18.05 3.15 14.34
2D-TAN [62] 2020 29.36 13.12 28.47 23.86 10.37 28.88
LGI [41] 2020 26.48 12.47 27.62 23.10 9.03 26.95
VSLNet [61] 2020 25.60 10.07 30.21 21.68 9.94 29.58
VISA [27] 2022 42.35 20.88 40.18 30.14 15.90 35.13
MMN [55] 2022 Image-Text

Joint
43.85 24.17 39.50 31.05 15.48 33.16

VDI (Ours) 2023 46.47 28.63 41.60 32.35 16.02 34.32

Table 1. Novel-word testing comparison between our method with other state-of-the-art methods on Charades-STA [13] and ActivityNet-
Captions [24]. The “Pre-train” column indicates the types of pre-trained models adopted.

15k in ActivityNet-Captions, which makes it trivial by pre-
dicting long predictions instead of capturing the semantics.

Obtaining superior OOD performance over video-
based (Kinetics[23]) pre-training models demonstrates that
our method can take advantage of the image-text pre-
training feature and obtain generalisable correlations to un-
seen words and scenes.

4.2.2 Original Split Testing

To further evaluate the effectiveness of our method, we
also conduct extensive experiments on the standard testing,
where the training and testing splits share independent and
identical distribution.

In Table 2, we include the recently reported results
of SOTA methods as well as their visual pre-training
data (Vis.P.T). One can see that when replacing the MMN
from separated pre-training with joint pre-training features,
the performance increases from 47.31% to 50.48%, indicat-
ing that the correlation between the vision and text is es-
sential. With our proposed method to empower the model’s
understanding of actions, the performance further improves
to 52.32%, outperforming the baseline model with a large
margin of 5.01%. From the results of ActivityNet-Captions,
we can see that even though there is a performance drop
from video-based pre-training to image-based pre-training
(48.59% vs 46.89%), our method can fill the gap by inject-
ing the video change understanding into the model.

To evaluate the learning of correlations, we compare
with existing methods with a specific focus on image-based
pre-training datasets[7]. As one can see from Table 2, not
only can we outperform SOTAs by a large margin, and we
can narrow down the gap between the image-based pre-
training feature and video-based pre-training feature.

4.2.3 Ablation Study

In this section, we perform in-depth ablations to evaluate
the effectiveness of each component in VDI on Charades-
STA dataset [13] with novel-word splits [27]. We report the
performance under R@1 for IoU ∈ {0.5, 0.7} and mIoU.

Visual Context Injection. To evaluate that it is essential
to inject visual context information into the text embed-
dings, we study different types of visual context genera-
tions as shown in Table 3. We take the MMN with CLIP
pre-training features as our baseline. The superior perfor-
mances yielded by the models with visual context injection
over the baseline demonstrate the effectiveness of the de-
sign. Moreover, we observe that using static query to probe
the videos (Lvc w/ Qs) produces better results than probing
by the complete sentence (Lvc w/ Q) and the pure visual
context generation (Lvc w/o Q) without text. This implies
the importance to avoid correlating the text descriptions of
video changes with irrelevant visual context.

Spatial Dynamic Injection. To evaluate that spatial dy-
namic information is essential for the text encoder, we study
two types of dynamic modelling, including LSTM [18] and
Transformer Encoder [52]. As shown in Table 3, by intro-
ducing spatial dynamic information, both a recurrent net-
work (Lsd w/ LSTM) or a transformer encoder (Lsd w/
Trans) is ready to contribute to a more precise VMR.

With a combination of Lvc and Lsd, the performance im-
proves to 46.47%, which further demonstrates the effective-
ness of VDI.

Dynamics Awareness. We further evaluate our baseline
and VDI models by using either the complete sentences Q,
the static Qs or the dynamic Qd queries to retrieve video
moments on Charades-STA. As shown in Fig. 3, the base-
line MMN model yields better results when retrieving video
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Method
Charades-STA ActivityNet-Captions

Vis.P.T
R@1, R@1, R@5, R@5,

Vis.P.T
R@1, R@1, R@5, R@5,

IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7
VideoBert [50]

Video-Text
32.70 19.50 68.10 46.20

Video-Text
37.20 21.00 66.70 53.60

MIL-NCE [39] 37.00 21.20 74.30 50.40 41.80 24.50 73.50 57.70
LocVTP [2] 43.60 26.30 81.90 55.30 48.20 30.50 80.10 64.70
MGSL [32]

Video
63.98 41.03 93.21 63.85

Video

51.87 31.42 82.60 66.71
D-TSG [33] 65.05 42.77 94.42 65.16 54.29 33.64 86.58 69.36
2D-TAN [62]

Image

39.70 23.31 80.32 51.26 44.51 26.54 77.13 61.96
VSL-Net [61] 39.20 20.80 - - 43.22 26.16 - -
CBLN [31] 43.67 24.44 88.39 56.49 48.12 27.60 79.32 63.41
DCM [58] 47.80 28.00 - - 44.90 27.70 - -
DRN [60] 42.90 23.68 87.80 54.87 45.45 24.36 77.97 50.30
MMN [55] 47.31 27.28 83.74 58.41 48.59 29.26 79.50 64.76
MMN [55]

Image-Text
50.48 29.65 85.27 60.67

Image-Text
46.89 27.26 78.32 63.47

VDI (Ours) 52.32 31.37 87.03 62.30 48.09 28.76 79.69 64.88

Table 2. Comparisons to the state-of-the-art methods on the standard splits of VMR benchmark datasets. The “Vis.P.T” column indicates
that the video encoders adopted are pre-trained by only videos [23] (“Video”), only images [7] (“Image”), video-text pairs [38] (“Video-
Text”) and Image-text pairs [42] (“Image-Text”). The best performances among image-based pre-training methods are highlighted in bold.
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Figure 3. Video Moment Retrieval by the complete Q, the static Qs or the dynamic Qd sentence descriptions.

Method
R@1, R@1,

mIoU
IoU=0.5 IoU=0.7

Baseline 43.85 24.17 39.50
Lvc w/o Q 43.12 25.32 39.43
Lvc w/ Q 45.02 27.63 40.40
Lvc w/ Qs 45.47 29.35 40.61
Lsd w/ LSTM 45.32 25.76 40.07
Lsd w/ Trans 44.60 26.06 40.09
Lvc + Lsd 46.47 28.63 41.60

Table 3. Ablation studies on visual context injection Lvc with dif-
ferent text queries and spatial dynamic injection Lsd with different
sequence analysis models.

moments by static queries than the dynamic ones while our
VDI model is in opposed. This verifies the sensitivity of
VDI to video changes by correlating visual context and spa-
tial dynamics with text and explains its improvements to the
baseline on all VMR tasks.

5. Conclusion

In this paper, we propose to learn universal visual-textual
correlations for video moment retrieval (VMR). To address
the limitation that the image-text pre-training methods are
less sensitive to video changes, we design visual context
and spatial dynamic injection to the text encoder with an
emphasis on the words describing video changes. By do-
ing so, the potentially relevant visual and motion patterns
in videos are encoded in the corresponding text embed-
dings, enabling more accurate video-text alignments. Ex-
periments on two important datasets (Charades-STA and
ActivityNet-Captions) prove that VDI can learn both ef-
fective and generic visual-text correlations. Moreover, the
comparison between the before and after visual-dynamic in-
jection demonstrate the sensitivity of VDI to video changes.
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