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ABSTRACT
Natural language query grounding in videos is a challenging task
that requires comprehensive understanding of the query, video and
fusion of information across these modalities. Existing methods
mostly emphasize on the query-to-video one-way interaction with
a late fusion scheme, lacking effective ways to capture the relation-
ship within and between query and video in a fine-grained manner.
Moreover, current methods are often overly complicated resulting
in long training time. We propose a self-attention together with
cross interactionmulti-head-attentionmechanism in an early fusion
scheme to capture video-query intra-dependencies as well as inter-
relation from both directions (query-to-video and video-to-query).
The cross-attention method can associate query words and video
frames at any position and account for long-range dependencies in
the video context. In addition, we propose a multi-task training ob-
jective that includes start/end prediction andmoment segmentation.
The moment segmentation task provides additional training signals
that remedy the start/end prediction noise caused by annotator
disagreement. Our simple yet effective architecture enables speedy
training (within 1 hour on an AWS P3.2xlarge GPU instance) and
instant inference. We showed that the proposed method achieves
superior performance compared to complex state of the art meth-
ods, in particular surpassing the SOTA on high IoU metrics (R@1,
IoU=0.7) by 3.52% absolute (11.09% relative) on the Charades-STA
dataset.
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1 INTRODUCTION
Natural language guided video moment retrieval (VMR) refers to
the general process of retrieving relevant video contents associated
with the text queries. Manual search is a very time consuming
process, and with the surge of user-generated video clips, it calls
for an automated solution to retrieve video segments given any
text descriptions.

However, correctly identifying the most relevant time interval
is a challenging cross-modality problem that requires comprehen-
sive understanding of both the video and the text. For example,
localizing the query “mixing the ingredients” in the video requires
the understanding of what “ingredients” refer to, and being able
to resolve the “mixing” action. Moreover, VMR is also a temporal
learning problem that needs information aggregation across the
temporal dimension. For example, resolving “the first time a cat
jumps up” requires not only the understanding of what “cat” and
“jump” refer to but also the chronological event order indicated by
the word "first".

There are generally two fusing schemes to tackle this cross-
modality problem - early and late[4, 7, 10, 11, 16, 18] to transform
the video moment and the query to the same space. Late fusion is
commonly used [4, 7, 10] where video moment is first transformed
to the shared space without the knowledge of the query, and differ-
ent moments are later ranked by a distance metric. We adapt the
early fusion [11, 16, 18] scheme in this paper, where video features
are mapped to the shared space guided by query information. This
allows more fine-grained video-query integration before matching.

For the fusing mechanism, one idea in the current VMR research
is to use iterative message passing [13, 18]. This iterative procedure
enriches the representation of each frame by incorporating informa-
tion across all frames and query words. However, it is computation-
ally expensive and introduces many additional meta parameters
for the number of iterative stages. Methods [11, 16, 17] without
iterative message passing are still overly complicated with multiple
stacked layers.

We propose to fuse with a cross interaction multi-head atten-
tion (CI-MHA) mechanism inspired by ViL-BERT [9], which is just
a single-layer attention module, Moreover, by utilizing CI-MHA,
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Figure 1: Overall architecture of our model for video moment retrieval.

we derive both the query-enriched video features and the video-
enriched query features to capture interactions from both directions.
Our approach is much simpler and verified to achieve higher accu-
racy compared to complex state of arts methods.

For moment localization, we adopt a discriminative approach and
further propose a novel multi-task training method to jointly train
the start/end predictions task with themoment segmentation task for
better performance. With the discriminative approach, the start/end
prediction task directly generates the probability distribution along
the temporal dimension for where the moment starts/ends. The
moment segmentation task performs binary classification of each
frame into the "moment" or the "background". This is more efficient
than an the popular ranking-based approach [10, 15, 20] where
similarity between each visual and textual input pair needs to be
calculated to minimize the pairwise ranking loss and help to save
training and inference time.

The motivation for joint moment segmentation task is start/end
prediction picks one specific point along the time axis as the posi-
tive label, and can be noisy due to annotators’ disagreement. The
moment segmentation task leverages the continuous intervals with
every frame inside as a positive sample, which is more balanced in
labels and intuitively provides more temporal dependency informa-
tion to exploit because the model must learn to predict consecutive
positive labels while capturing the boundaries.

In summary, the key contributions of this work are two-fold:

• We propose to use the cross interaction multi-head attention
mechanism under an early fusion scheme to associate video
features with natural language query from both directions.
This is a much simpler and computationally-efficient way
comparedwith complexmethods including iterativemessage
passing based ones, and it achieves superior results through
experiments.

• We propose a multi-task training objective, including 1)
start/end prediction task that predicts the target start/end
positions, and 2) moment segmentation task that predicts if
a frame belongs to the ground-truth time interval. Start/end
prediction ground truth consists two specific time points and
can be noisy due to annotators’ disagreement. The moment
segmentation task is aiming to identify a continuous time
interval, which has a more balanced positive sample ratio
and implies the intra-dependencies of frames within the time
interval. Hence, it could provide more robust information
for moment localization.

Our simple yet effective architecture enables speedy training
completion within 1 hour on an AWS P3.2xlarge GPU instance, and
other methods mentioned above are found to take much longer
time, for example LGI [11] takes about 3 hours with the same
setting. Meanwhile, our method is able to achieve superior SOTA
performance on R@1 metrics, surpassing the SOTA on high IoU
metrics (R@1, IoU=0.7) by 3.52% absolute (11.09% relative) on the
Charades-STA dataset.

2 APPROACH
Given a video and a query sentence, our model maps the video and
query features to the same space and then predicts the moment
start/end position in the video. At inference time, the most-likely
start and end video-query pair is returned as the candidate moment.

2.1 Model Architecture
As illustrated in Figure 1, query and video are each encoded into fea-
tures by an encoding module. After the encoding step, self-attention
is applied to the video feature embeddings and the query embed-
dings respectively to capture the intra-dependecies, and then the
two embeddings are fused by CI-MHA to enrich the video repre-
sentation with query context and the query representation with
video context. The two enriched representations are concatenated
and passed to the multi-task training module to predict the target
moment clip.

2.2 Video Encoders
C3D network [14] pre-trained on sport1M is used as feature en-
coder. The untrimmed video is divided into a sequence of 16-frame
segments. A 3D CNN module is applied to extract C3D features
from each segment. The output of the 3D CNN video feature en-
coder module is a tensor of size 𝑁 ×𝐷 where 𝐷 = 500 dimensional
features and 𝑁 = 𝑀/16 where 𝑀 is the number of frames in the
untrimmed video.

I3D network [2] pre-trained on Kinetics is used as feature en-
coder. The videos are first pre-processed to a frame rate of 24 frames
per second. The I3D network takes 64 consecutive frames as input
and outputs a snippet-level feature vector.

Positional EncodingA temporal positional embedding is added
to the corresponding video segment feature, which provides infor-
mation about the relative position of each frame and improves
accuracy. The positional encoding is formulated as a mapping from



Figure 2: Cross-attention module of the proposed approach

each position to the correspondingly learned embedding in a train-
able embedding matrix as such in BERT [3].

2.3 Video/Query Self Interaction
Let 𝑉 be the raw video input, and the video encoder embedding
output

v0 = 𝑓encoder (𝑉 ), (1)
which is of size (𝑁, 𝐷𝑣), where 𝑁 is the video length, 𝐷𝑣 is the
video embedding size.

Let𝑊 be the query input, and the query embedding output

q0 = 𝑓encoder (𝑊 ), (2)

which is of size (𝐿, 𝐷𝑞), where 𝐿 is the query length,𝐷𝑞 is the query
embedding size.

We use self attention to model intra-dependencies within each
modality in a fine-grained manner before applying the CI-MHA
module. The video self-attention captures temporal interactions
between frames, and the query self-attention captures word-level
dependencies. The self interaction allows association between any
positions and accounts for both short term and long term temporal
and word dependencies. A skip connection via addition is applied
afterwards such that the original video/query embedding is also
incorporated to avoid information loss. In more details, we apply

q = MHA(𝑄 = q0, 𝐾 = 𝑉 = q0) + q0, (3)

v = MHA(𝑄 = v0, 𝐾 = 𝑉 = v0) + v0 . (4)

2.4 Visual-Language Fusion
We propose to use CI-MHA for Visual-Language fusion. A feed-
forward layer is applied to the video encoder embedding v and the
query encoder embedding q, and then positional encoding is added
to the video embedding. The resulting video embedding and query
embedding are both of size (𝑁, 𝐷).

v̂ = FeedForward(v) + Positional Encoding(v), (5)

q̂ = FeedForward(q) . (6)
For natural language guided VMR, it is intuitive to capture the

query-to-video relationship via query enriched video feature em-
bedding (i.e. attention weighted video feature embedding) such as
previous work by [19]. Yet, it is also crucial to not overlook the

video-to-query association (i.e. attention weighted query embed-
ding). CI-MHA enables us to account for both and ensure more
detailed interaction information is apprehended. An illustration is
shown in Figure 2. Specifically, we applied

v𝑞 = MHA(𝑄 = q̂, 𝐾 = 𝑉 = v̂), (7)

q𝑣 = MHA(𝑄 = v̂, 𝐾 = 𝑉 = q) . (8)
These two embeddings are then concatenated along feature di-

mension as the input for the following prediction task. The fused
embeddings of the two modalities s𝑣,𝑞 can be summarized as

s𝑣,𝑞 = [v𝑞, q𝑣] . (9)

2.5 Multi-task Training Objectives
We trained the model with two tasks that are complementary to
each other and help avoid overfitting, as described below.

Informative Dependent Start/End To predict start/end time
point, we adopt an approach similar to ExCL [5]. We use two bi-
directional LSTM layers that condition the end prediction’s hidden
states on the start prediction’s hidden states to better factor in
temporal dependencies, i.e.,

hstart𝑡 = Bi-LSTMstart (s𝑣,𝑞𝑡 , hstart𝑡−1 ), (10)

hend𝑡 = Bi-LSTMend (hstart𝑡−1 , h
end
𝑡−1), (11)

where hstart0 , hend0 are the random initialization for LSTM’s first
hidden states.

Then Multi-Layer Perceptron (MLP) and softmax layers are ap-
plied over the temporal dimension to generate the start/end distri-
butions as the following

𝑐start𝑡 = MLPstart ( [hstart𝑡 , s𝑣,𝑞𝑡 ]), (12)

𝑐end𝑡 = MLPend ( [hend𝑡 s𝑣,𝑞𝑡 ]). (13)
We further add skip connections via concatenation (i.e. [hend𝑡 , s𝑣,𝑞𝑡 ])
to help prevent possible information loss compared to only using the
hidden states hstart𝑡 , hend𝑡 in [5]. Next, we normalize the prediction
over the temporal dimension.

𝑃start = SoftMax(Cstart), 𝑃end = SoftMax(Cend), (14)

where Cstart = [𝑐start0 , 𝑐start1 , ..., 𝑐start
𝑇

], and same for Cend.
The loss function is negative log-likelihood. The ground-truth

labels are two sparse one-hot vectors labeling the ground-truth
start/end time point.



Moment Segmentation It is easy for annotators to disagree
over the exact point in time as the ground-truth boundaries. This
renders the start/end ground truth labels being not only sparse but
also noisy. In moment segmentation we let the ground truth cover a
continuous time interval and every frame within the ground truth
becomes a positive training sample which leads to more balanced
prediction. Empirical results show that this task is beneficial to our
model performance.

At each time stamp 𝑡 , we apply a MLP and a sigmoid function to
the fused embedding s𝑣,𝑞 and output the probability whether the
time stamp 𝑡 belongs to the target moment or not. The loss function
is binary cross entropy loss.

𝑃𝑖𝑛 (𝑡) = Sigmoid(MLPsegment (s𝑣,𝑞𝑡 )), (15)

𝑃𝑜𝑢𝑡 (𝑡) = 1 − 𝑃𝑖𝑛 (𝑡) . (16)

3 EXPERIMENTS
3.1 Datasets
ActivityNet Captions The ActivityNet Captions dataset [1] con-
nects videos to a series of temporally annotated sentences. On
average, each of the 20K videos in ActivityNet contains 3.65 tem-
porally localized sentences, resulting in a total of 100K sentences.
Charades-STA Charades-STA [12] contains 9848 videos across
157 activities. Each video contains temporal activity annotation
and sentence descriptions with start and end time to make them
suitable for language-based temporal localization task.

3.2 Implementation Details
We trained themodel end-to-end, with raw video frames and natural
language query as input. For query encoding, a bi-LSTM is adopted
to encode the query GLOVE embedding to 512 dimension, and
we use a max query length of 25 words. For video encoding, C3D
features has a dimension of 500 and I3D features has a dimension
of 1024, and the max video frame length we use is 128 frames. In
training, we set the batch size at 100 using Adam optimization with
0.0001 learning rate.

3.3 Comparison with State-of-the-art
We compare our approach on both the ActivityNet Caption and
Charades-STA datasets against several recent researches. For exam-
ple, iterativemessage passing basedmethods, including LOGAN[13],
MAN[18], as well as other SOTA such as DRN[17], ExCL[5], SCN[8]
etc. Following previous work, we adopt “R@1, IoU=\ " as the evalu-
ation metrics.

From Table 1 and Table 2, our method outperforms the com-
peting methods on R@1 with medium to high IOU metrics, which
demonstrates the effectiveness of our approach. Note the “MHA”
method refers to using uni-direction-fused embedding v𝑞 produced
by equation (7) , while the CI-MHA uses bi-direction-fused embed-
ding s𝑣,𝑞 produced by equation (7), (8) and (9).

We provide example moments predicted by the proposed ap-
proach on the test videos in Figure 3. We found that the natural
language queries are very diverse and often contain successive
temporal actions. The first one shows a simple query where our ap-
proach localizes the moment when the person pours the ingredients.

Table 1: Evaluation on Charades-STA

Method R@1, IoU=0.7 R@1, IoU=0.5 R@1, IoU=0.3
Random 3.03% 8.51% -
LOGAN [13] 14.54% 34.68% 51.67%
MLVI [16] 15.80% 35.60% -
ExCL [5] 22.40% 44.10% -
MAN [18] 22.72% 46.23% -
DRN [17] 31.75% 53.09% -
MHA 30.49% 51.04% 60.85%
CI-MHA w/o MS 31.39% 52.41% 62.78%
CI-MHA 35.27% 54.68% 69.87%

Table 2: Evaluation on ActivityNet Captions

Method R@1, IoU=0.7 R@1, IoU=0.5 R@1, IoU=0.3
MLVI [16] 13.60% 27.70% 45.30%
TripNet [6] 13.93% 32.19% 45.42%
ExCL [5] 23.9% 41.46% 62.21%
DRN [17] 23.24% 43.78% -
MHA 21.76% 40.80% 59.73%
CI-MHA w/o MS 23.41% 41.73% 60.49%
CI-MHA 25.13% 43.97% 61.49%

Figure 3: Case studies of queries/videos at inference time.

In the second example, which shows a rather complex (temporal)
sentence structure requesting two actions, the approach localizes
the moment the two people talk with each other until starts racing.
The inference examples demonstrate the moment retrieval ability
of the proposed approach and its ability for real world applications.

4 CONCLUSIONS
We proposed a cross interaction multi-head attention based fusion
architecture with multi-task training objectives to address the video
moment retrieval task. The novel cross-attention fusion approach
and moment segmentation joint training task allow our model to be
simple and effective, as shown on two widely used VMR datasets.
It is fast in training with instant inference, which demonstrates
clear computationally efficiency strength over complicated iterative
message passing based methods while still outperforming on the re-
sults. Our model also achieves superior or competitive performance
compared with multiple recent works using other more complex
structures.
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