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Abstract
Temporal sentence localization (TSL) aims to localize a tar-
get segment in a video according to a given sentence query.
Though respectable works have made decent achievements
in this task, they severely rely on abundant yet expensive
manual annotations for training. Moreover, these trained data-
dependent models usually can not generalize well to unseen
scenarios because of the inherent domain shift. To facilitate
this issue, in this paper, we target a practical but challenging
setting: unsupervised domain adaptative temporal sentence
localization (UDA-TSL), which explores whether the local-
ization knowledge can be transferred from a fully-annotated
data domain (source domain) to a new unannotated data do-
main (target domain). Particularly, we propose an effective
and novel baseline for UDA-TSL to bridge the multi-modal
gap across different domains and learn the potential corre-
spondence between the video-query pairs in target domain.
We first develop separate modality-specific domain adapta-
tion modules to smoothly balance the minimization of the do-
main shifts in cross-dataset video and query domains. Then,
to fully exploit the semantic correspondence of both modali-
ties in target domain for unsupervised localization, we devise
a mutual information learning module to adaptively align the
video-query pairs which are more likely to be relevant in tar-
get domain, leading to more truly aligned target pairs and
ensuring the discriminability of target features. In this way,
our model can learn domain-invariant and semantic-aligned
cross-modal representations. Three sets of migration experi-
ments show that our model achieves competitive performance
compared to existing methods.

Introduction
Temporal sentence localization (TSL) (Anne Hendricks
et al. 2017; Gao et al. 2017) is an important yet challeng-
ing task in video understanding, which has drawn increasing
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Query: The person puts the cleaning supplies down on a nearby shelf.

Ground Truth | |19.70s 25.20s

Query: The person puts the cleaning supplies down on a nearby shelf.

Ground Truth | |19.70s 25.20s
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Query: A person wet a car with water, then he puts detergent to the car using a squeegee.
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Query: The man dry the car manually with a cloth.
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Query: The man dry the car manually with a cloth.
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(a) The illustration of our unsupervised domain adaptation setting

Figure 1: (a) We investigate UDA-TSL, which transfers the
localization knowledge from a fully-annotated source do-
main to a new unannotated target domain. (b) The inher-
ent domain differences (including number of annotated mo-
ments, number of videos, and video content types) among
three typical datasets for TSL task. (c) The domain adapta-
tion performances of existing methods are limited.

attention due to its vast potential applications, such as activ-
ity detection (Dong et al. 2022a) and human-computer in-
teraction (Dong et al. 2022b). Given an untrimmed video, it
aims to retrieve a temporal video segment that semantically
corresponds to a given sentence query.

Most previous TSL works (Yuan et al. 2019; Zhang et al.
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2020a; Chen et al. 2020a; Liu et al. 2020, 2021b, 2022a,
2021a, 2022c, 2023a; Liu, Qu, and Zhou 2021; Liu, Qu,
and Hu 2022) are under fully-supervised setting, where each
frame is manually labeled as the query-relevant or query-
irrelevant frame. Instead of using such dense frame annota-
tions, some recent works try to explore a weakly-supervised
setting (Lin et al. 2020; Zhang et al. 2020c; Liu et al. 2022b;
Chen et al. 2020c; Song et al. 2020) with only the video-
query correspondence to alleviate the reliance to a certain
extent. Despite their great advances, the above two types
of supervised methods severely rely on abundant video-
query annotations, which is both time-consuming and labor-
intensive to collect in real-world scenarios. Although few
works (Liu et al. 2022b; Fang et al. 2023a) try to design
TSL model without any supervision, their performances are
validated to be less satisfied.

In this paper, considering that we always can collect a few
fully-annotated datasets and a massive number of unanno-
tated datasets in practice, we make the attempt to explore
whether a TSL model can learn more generalizable local-
ization knowledge from a known dataset and perform well
on an unseen dataset. In this manner, we can alleviate the re-
liance of the video-query correspondence of the new dataset,
and directly utilize the knowledge of previously annotated
data to fit it. To this end, we propose a more practical but
challenging scenario for TSL task, i.e., unsupervised do-
main adaptative temporal sentence localization (UDA-TSL),
which has the fully annotation in source domain and no an-
notation in target domain as shown in Figure 1 (a). Differ-
ent from previous TSL settings, this new UDA-TSL suffers
from two major issues: (1) How to transfer the knowledge
from the source domain into the target domain? As shown
in Figure 1 (b), the widely used TSL datasets (ActivityNet,
Charades, TACoS) contain different numbers of annotation
video-query pairs and training samples. Besides, the do-
mains of their video content focus on different real-world
scenarios with different objects and backgrounds. Therefore,
previous TSL models trained on label-rich source domain
usually can not generalize well to another label-scare target
domain due to these domain shifts among data distribution
as shown in Figure 1 (c), severely limiting their practical ap-
plications. (2) How to deal with the unknown video-query
correspondence in the unsupervised target domain? Since
the target domain only contains the unlabeled video and
query sets, it is also important to mine their potential cor-
respondence for correlating the matched video-query pair.
Once we obtain the positive matched multi-modal pair, we
can transfer the knowledge of the labeled source domain to
train the discriminative multi-modal representations in the
target domain for learning the possible segment localization.

To tackle these issues, we propose a novel baseline model
for UDA-TSL to bridge the multi-modal gap across differ-
ent domains and learn the potential correspondence between
the video-query pairs in target domain. Specifically, given
the video and query sets from both source and target do-
mains, we first utilize the same video and query encoders
to generate corresponding feature representations. Since dif-
ferent domains usually have inconsistent data distributions
leading to the domain shift, we then develop a modality-

specific domain adaptation module to relieve such diver-
gence by optimizing an appropriate intermediate domain
to best bridge the source and target domains. To further
mine the possible video-query correspondence in the un-
supervised target domain for latter localization, we devise
an effective Mutual Information Maximization (MIM) mod-
ule to capture the cross-modal semantical relevance in bi-
directional video-to-query and query-to-video ways. During
the learning, MIM adaptively aligns the video-query pairs
which are more likely to be relevant in target domain, en-
abling that positive pairs are increasing progressively and
the discriminability of target features is generalized like the
source statistics. During the inference, we directly utilize the
learned query-related frame-wise scores for localizing the
interested segment. To sum up, our main contributions are:

• In this paper, we tackle a more practical but challenging
TSL setting, called UDA-TSL, which transfers the local-
ization knowledge from a fully-annotated source domain
to a new unannotated target domain. Different from pre-
vious TSL works, our new setting can be applied to real-
world scenarios for addressing the online learning prob-
lem and unseen localization cases.

• We propose an effective modality-specific domain adap-
tation module to reduce the domain gaps between the
video/query sets in different domains by optimizing an
appropriate intermediate domain. To learn the possible
video-query correspondence in the unsupervised target
domain, we also develop a MIM module to mine the
truly positive multimodal pairs for self-supervising the
discriminative representation learning.

• We conduct the UDA experiments on three widely used
TSL datasets (ActivityNet Captions, Charades-STA, and
TACoS). Extensive results show that our proposed model
performs much better than existing approaches.

Related Work
Temporal sentence localization. Most of the existing TSL
methods refer to fully-supervised setting where all video-
query pairs are annotated in details, including correspond-
ing segment boundaries. Therefore, the main challenge in
such setting is how to align multi-modal features well to pre-
dict precise boundary. Some works (Gao et al. 2017; Zhang
et al. 2019; Yuan et al. 2019; Zhang et al. 2020b; Chen et al.
2018; Qu et al. 2020; Liu and Hu 2022; Fang et al. 2022,
2023c, 2020; Fang and Hu 2020; Fang et al. 2021a,b; Liu
et al. 2022d, 2023b; Fang et al. 2023b; Zheng et al. 2023;
Zhu et al. 2023; Liu et al. 2023c,d) integrate sentence infor-
mation with each fine-grained video clip unit, and predict
the scores of candidate segments by gradually merging the
fusion feature sequence over time. Without using proposals,
some latest methods (Nan et al. 2021; Zhang et al. 2020a;
Chen et al. 2020a) are proposed to leverage the interaction
between video and sentence to directly predict the starting
and ending frames. However, the above methods heavily rely
on the datasets that require numerous manually labelled an-
notations for training. To ease the human labelling efforts,
several recent works (Chen et al. 2020c; Song et al. 2020;
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Lin et al. 2020; Zhang et al. 2020c) consider a weakly-
supervised setting which only accesses the information of
matched video-query pairs without accurate segment bound-
aries. However, their performance is less satisfied.
Unsupervised domain adaptation. Unsupervised domain
adaptation (UDA) aims to transfer predictive models trained
on fully-labeled data from a source domain to an unlabeled
target domain. The primary objective of existing UDA meth-
ods, which are predominantly classification-based, is to mit-
igate the domain shift that occurs between the source and tar-
get domains (Qu et al. 2019; Damodaran et al. 2018; Ganin
and Lempitsky 2015; Long et al. 2015, 2017; Tzeng et al.
2014). Furthermore, the realm of UDA has witnessed sig-
nificant advancements in the domain of video-based tasks,
such as video action recognition (Chen et al. 2019; Choi
et al. 2020; Munro and Damen 2020) and video segmen-
tation (Chen et al. 2020b,b). UDA techniques have been
successfully extended to these video-related tasks, enabling
knowledge transfer from the labeled source domain to the
unlabeled target domain. Additionally, recent research ef-
forts have explored the application of UDA in cross-modal
tasks (e.g., image captioning (Chen et al. 2017; Yang et al.
2018; Zhao, Wu, and Luo 2020), visual question answering
(Chao, Hu, and Sha 2018), and image-text retrieval (Huang
and Peng 2018)), where different modalities such as images
and texts are involved. The most similar work to our work
is (Hao et al. 2023), different from it, we make novel UDA
designs in the specific TSL task.

The Proposed Method
Overview
Problem definition. Given an untrimmed video V =
{vi}Nv

i=1 and corresponding language query Q = {qj}
Nq

j=1,
where Nv and Nq are the number of frames and words, tradi-
tional temporal sentence localization (TSL) task aims to lo-
calize the query-described activity segment from the video.
In this paper, we investigate a more practical but challenging
setting, called unsupervised domain adaptative TSL (UDA-
TSL), which transfers the localization knowledge from the
previous annotated source domain to a new unannotated tar-
get domain. In particular, we denote the source and target

datasets as {{V s
I }

Ns
V

I=1, {Qs
J}

Ns
Q

J=1}, {{V t
l }

Nt
V

I=1, {Qt
J}

Nt
Q

J=1},
where s, t imply source and target domains, and NV , NQ

denotes the numbers of videos and queries.
Pipeline. To tackle the UDA-TSL, we propose a novel
framework as shown in Figure 2. After encoding the multi-
modal features in different domains, to reduce the distri-
bution shifts of the same modality across differnt domains,
we propose to optimize an appropriate intermediate domain
to better help the gradual adaptation between two domains.
Compared to previous simple source-to-target domain clos-
ing paradigm, our strategy does not suffer from the huge do-
main shift and is able to smoothly transfer the knowledge
across domains in a closest path. As for the discriminative
representation learning, we train the source data with the
collected pairwise video-query annotations. As for the unan-
notated target data, we devise a mutual information maxi-
mization module to align the representations of truely pos-

itive target video-text pairs which are more likely to be se-
mantically relevant, and to avoid including the noisy ones
which tend to be irrelevant. During the inference, we di-
rectly take the interacted query-related video representations
for frame-wise scoring and segment determining.

Preparation
Video encoding. Following previous works (Zhang et al.
2019, 2020a,b), given the video V ∈ {V s, V t} from any do-
main, we first extract its frame-wise features by a pre-trained
C3D network (Tran et al. 2015), and then employ a multi-
head self-attention (Vaswani et al. 2017) module to capture
the long-range dependencies among video frames. We de-
note the extracted video features as V = {vi}Nv

i=1 ∈ RNv×d,
where d is feature dimension.
Query encoding. Similarly, given the query Q ∈ {Qs, Qt}
from any domain, we also follow previous works (Zhang
et al. 2019, 2020a,b) to utilize the Glove (Pennington,
Socher, and Manning 2014) embedding to encode each word
into dense vector. We further employ the Bi-GRU (Chung
et al. 2014) layers to encode the word-level sequential infor-
mation in the whole sentence. The final word-level feature
can be denoted as Q = {qj}

Nq

j=1 ∈ RNq×d.

Modality-Specific Domain Adaptation
Generally, different datasets usually have inconsistent data
distributions and representations, thus leading to the domain
shift problem (Na et al. 2021). To alleviate this issue, we pro-
pose to relieve the divergence of different statistics between
source and target domains. Following previous UDA meth-
ods (Ganin et al. 2016; Hosseini-Asl et al. 2018; Huang,
Peng, and Yuan 2018), a general way of reducing the domain
discrepancy is to directly shift the source statistics close to
the target one and vice versa. However, in practice, this strat-
egy does not always work since there can be huge shift be-
tween the two extreme domains’ distributions, as shown in
Figure 2. Instead, there always exists an appropriate interme-
diate domain that is located along with the shift path to help
the gradual adaptation between the two extreme domains.
Once this intermediate domain is well determined, it is able
to bridge the two extreme domains along which the source
domain’s knowledge can be smoothly transferred to guide
the learning of the target domain. For example, if an inter-
mediate domain is closer to the source domain, the source
reliable labels can be more leveraged. On the contrary, the
target domain’s intrinsic distribution can be more exploited.

To achieve this, we first generate the initial yet coarse in-
termediate domain representations V m following (Gopalan,
Li, and Chellappa 2013), and define a function P (·) to rep-
resent the distribution of each modality data in each domain.
Specifically, as for the video set {V s

I }
Ns

V

I=1 of source domain,
we calculate its distribution as:

P (V s) = (
1

Ns
V

Ns
V∑

I=1

(µ(V s
I )−

∑Ns
V

I=1 µ(V
s
I )

Ns
V

))1/2,

where µ(V s
I ) =

1

Ns
v

Ns
v∑

i=1

vs
i .

(1)
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Figure 2: Overview of the proposed architecture for UDA-TSL task.

In this way, the distribution of target and intermediate do-
mains can be represented as P (V t), P (V m). To further
tune the intermediate domain be located along the shortest
geodesic path between the source and target domains, we
introduce the domain factor α1 for the source and target do-
mains, which be seen as the relevance of the intermediate do-
main to the other two extreme domains. Thus, in the video
stream, the distance relationship (contrary to the relevance
relationship) between two domains can be formulated as:

||P (V s)− P (V m)||22
||P (V t)− P (V m)||22

=
α1

1− α1
. (2)

Therefore, the video-specific domain shift problem can be
converted into finding the appropriate intermediate domain
by minimizing the intermediate domain loss as:

LV = α1||P (V t)−P (V m)||22+(1−α1)||P (V s)−P (V m)||22,
(3)

which guide the distribution of appropriate intermediate do-
main to keep the right distance to the source and target do-
mains. Similarly, in the text stream, the query-specific do-
main adaptation loss can be computed as:

LQ = α2||P (Qt)−P (Qm)||22+(1−α2)||P (Qs)−P (Qm)||22.
(4)

The whole domain adaptation loss can be defined as:

Ldomain = LV + LQ. (5)

Unsupervised Mutual Information Maximization
Note that in the UDA-TSL setting, there exists no identical
label set for source and target domains, and the only super-
vision available is the semantic relationship in the source
dataset. Although the modality-specific domain adaptation
can alleviate the domain distribution shift, it is still not
enough and hard for the model to learn the unannotated rela-
tionships between the video-query pair in the target domain.
To this end, we propose an effective Mutual Information
Maximization (MIM) module to explore the truly aligned

target video-query pairs which are more likely to be seman-
tically relevant, and to avoid including the noisy ones which
tend to be irrelevant. By capturing the potential video-query
correspondence via frame-wise score learning in the target
domain, we can determine the query-related frames among
the video for localization.

Specifically, given the target set {{V t
I }

Nt
V

I=1, {Qt
J}

Nt
Q

J=1},
we try to find if there exist truly positive video-text pairs
(V t

I , Q
t
J) can be considered as a truly positive pair if and

only if V t
I and Qt

J are mutually the most semantically simi-
lar to each other. For a target video V t

I , to calculate its rele-
vance to a random query Qt

J , we first interact their features
as:

Ct
I,J,i,j = w⊤tanh(W1v

t
I,i +W2q

t
J,j + b1),

sI,J,i =

Nq∑
j=1

softmax(Ct
I,J,i,j) · qt

J,j ,
(6)

where Wα
1 ,Wα

2 are projection matrices, bα is the bias and
w⊤ is the row vector (Zhang et al. 2019). sI,J,i is the
frame-aware query semantics. Then, we generate the query-
relevant i-th frame features as:

ṽt
I,J,i = σ(W3sI,J,i + b2)⊙ vt

I,i, (7)

where σ is the sigmoid function, ⊙ is the element-wise mul-
tiplication. The total query-to-video relevance can be formu-
lated by:

rI,J =

Nv∑
i=1

softmax(MLP1(ṽ
t
I,J,i)) ·σ(MLP2(ṽ

t
I,J,i)), (8)

where the second item is the probability representing
whether the i-th frame is relevant to the query or not, the
first item is the normalized weight for aggregating all video
frames. Therefore, we can obtain the similarities of V t

I and
all the target queries:

RV t
I
= [rI,1, rI,2, ..., rI,J , ..., rI,Nt

Q
]. (9)
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Method
Charades→ActivityNet ActivityNet→TACoS TACoS→Charades

R@1, R@1, R@5, R@5, R@1, R@1, R@5, R@5, R@1, R@1, R@5, R@5,
IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7 IoU=0.3 IoU=0.5 IoU=0.3 IoU=0.5 IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7

CBP 27.46 15.37 52.68 36.83 25.33 21.79 40.02 34.65 22.38 11.95 50.08 31.35
SCDM 28.02 15.84 52.51 34.16 22.68 17.45 38.56 31.90 35.95 25.18 52.69 39.83
CMIN 34.25 18.63 58.79 41.98 20.51 15.04 35.29 26.21 28.06 18.22 55.35 36.71

CSMGAN 36.92 20.04 62.46 49.57 29.63 18.07 49.32 40.15 36.45 22.86 61.73 40.50
2DTAN 39.17 21.76 69.33 57.50 33.72 21.16 54.84 42.39 25.81 17.37 57.29 33.48

DRN 41.39 24.27 71.42 43.87 32.07 19.96 47.54 31.28 36.16 24.52 66.90 42.64
MMN 44.06 24.98 72.25 58.19 36.94 22.08 55.73 46.81 33.73 20.04 62.42 44.29

NoUDA (Ours) 35.83 19.52 61.37 47.61 31.26 20.30 52.58 40.95 27.25 16.42 53.81 37.92
UDA (Ours) 49.48 32.15 77.74 65.39 42.40 29.83 58.99 51.04 41.39 28.63 70.16 49.85

Method
TACoS→ActivityNet Charades→TACoS ActivityNet→Charades

R@1, R@1, R@5, R@5, R@1, R@1, R@5, R@5, R@1, R@1, R@5, R@5,
IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7 IoU=0.3 IoU=0.5 IoU=0.3 IoU=0.5 IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7

CBP 18.94 11.93 29.79 18.62 22.88 19.26 41.56 33.20 32.82 14.39 65.43 48.97
SCDM 19.65 11.80 30.51 17.27 18.97 16.82 35.05 28.41 52.56 34.82 72.75 56.41
CMIN 22.17 13.72 32.48 21.34 19.38 15.34 36.06 24.99 45.03 31.74 76.89 60.62

CSMGAN 23.88 14.67 39.07 27.30 25.43 16.12 44.96 36.72 45.60 32.28 77.53 54.27
2DTAN 24.90 16.38 45.04 30.15 30.12 19.81 51.29 39.87 36.34 22.61 74.14 48.56

DRN 24.93 18.52 41.74 27.44 28.60 16.73 43.00 28.15 50.47 29.02 86.25 57.19
MMN 28.29 20.86 47.27 32.63 34.09 19.17 52.08 43.24 50.78 23.17 79.53 56.80

NoUDA (Ours) 24.26 15.09 42.33 28.98 23.76 16.09 43.37 34.58 44.29 28.46 75.99 52.74
UDA (Ours) 33.54 26.16 54.18 41.02 36.42 25.48 57.69 48.74 60.26 41.03 89.62 63.85

Table 1: Performance comparison of existing SOTA methods on three widely used TSL datasets in the UDA setting.

After that, we choose the candidate matching query with
maximum similarity via argmaxJ∗∈{1,2,...,Nt

Q}rI,J∗ , where
J∗ is the index of the candidate matching query. In turn,
we utilize the candidate matching query Qt

J∗ to further cal-
culate back to the video set in a similar way, and obtain
the corresponding candidate matching video V t

I∗ . We deter-
mine whether the unannotated video-query pair (V t

I , Q
t
J∗)

is matched by:{
(V t

I∗ , Qt
J∗) is matched, if V t

I∗ = V t
I ,

(V t
I∗ , Qt

J∗) is not matched, if V t
I∗ ̸= V t

I .
(10)

This requires V t
I , Q

t
J∗ to be the reciprocal nearest neighbor

of each other, indicating a truly matched (or positive) pair.
With these self-discovered matching pairs, we take them

as the positive samples and further construct other mis-
matched pairs as negative samples to train the localization
model via contrastive learning as:

Lt
C =− 1

N t
V

Nt
V∑

I=1

log
exp(rI,J∗/τ)∑NB

J=1,J ̸=J∗ exp(rI,J/τ)

− 1

N t
Q

Nt
Q∑

J=1

log
exp(rI∗,J/τ)∑NB

I=1,I ̸=I∗ exp(rI,J/τ)
,

(11)

where τ is temperature parameter, NB is batch size. In this
manner, during the training process, the positive pairs are in-
creasing progressively and the noisy ones will be eliminated,
generating more discriminative features in target domain.

Training and Inference
Training. As for the source domain, since we have adequate
annotations, we directly train the model with another con-
trastive loss Ls

C similar to Eq.(11) without MIM. To train

corresponding localization results, we follow previous work
(Zhang et al. 2020a) to generate foreground-background
query-related frame-wise annotation Y = {yi}Nv

i=1, yi ∈
[0, 1], which supervises the frame-wise query-to-video rel-
evance learning of Eq.(8) by cross-entropy loss as:

LCE = CE(yi, softmax(MLP1(ṽ
t
I,J,i)) · σ(MLP2(ṽ

t
I,J,i))).

(12)
By implementing the multi-modal domain adaptation losses
and the target domain contrastive loss, the overall loss is:

L = Ldomain + Lt
C + Ls

C + LCE . (13)

Inference. During the inference, we feed each video-query
pair of the target domain into encoders and then interact
them to generate the frame-wise matching scores like Eq.(8).
Following previous unsupervised work (Liu et al. 2022b), to
predict the final localization result, we first locate the frame
with the highest similarity score as the basic predicted seg-
ment, and add the left/right frames into the moment if the
ratio of their scores to the frame score of the closest seg-
ment boundary is less than a certain threshold. In our all
experiments, this threshold is set to 0.8 in ActivityNet Cap-
tions, TACoS and 0.9 in Charades-STA. We repeat this step
to construct the moment until no frame can be added.

Experiments
Dataset
For fair comparison with existing TSL works, we utilize
the same ActivityNet Caption (Caba Heilbron et al. 2015),
TACoS (Regneri et al. 2013), and Charades-STA (Sigurds-
son et al. 2016) datasets for evaluation. Specifically, Ac-
tivityNet Caption contains 20000 untrimmed videos with
100000 descriptions from YouTube. Following public split,
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Method
Charades→ActivityNet ActivityNet→TACoS TACoS→Charades

R@1, R@1, R@5, R@5, R@1, R@1, R@5, R@5, R@1, R@1, R@5, R@5,
IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7 IoU=0.3 IoU=0.5 IoU=0.3 IoU=0.5 IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7

w/o Ldomain,Lt
C 35.83 19.52 61.37 47.61 31.26 20.30 52.58 40.95 27.25 16.42 53.81 37.92

w/o Lt
C 40.65 24.22 68.01 55.36 35.87 24.36 55.58 44.26 33.50 21.26 59.82 43.12

w/o Ldomain 43.34 26.46 71.43 56.98 38.51 26.07 55.64 46.68 35.35 23.14 62.39 44.80
Full model 49.48 32.15 77.74 65.39 42.40 29.83 58.99 51.04 41.39 28.63 70.16 49.85

Method
TACoS→ActivityNet Charades→TACoS ActivityNet→Charades

R@1, R@1, R@5, R@5, R@1, R@1, R@5, R@5, R@1, R@1, R@5, R@5,
IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7 IoU=0.3 IoU=0.5 IoU=0.3 IoU=0.5 IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7

w/o Ldomain,Lt
C 24.26 15.09 42.33 28.98 23.76 16.09 43.37 34.58 44.29 28.46 75.99 52.74

w/o Lt
C 28.29 18.88 46.25 32.43 28.12 20.44 49.32 41.48 51.37 33.93 81.91 56.32

w/o Ldomain 29.80 21.46 49.28 36.79 31.40 21.75 51.45 41.04 53.45 36.31 82.61 59.00
Full model 33.54 26.16 54.18 41.02 36.42 25.48 57.69 48.74 60.26 41.03 89.62 63.85

Table 2: Main ablation. We investigate the contribution of the domain adaptation module Ldomain and the MIM module Lt
C .

we use 37417, 17505, and 17031 sentence-video pairs for
training, validation, and testing. TACoS contains 127 videos
collected from cooking scenarios. We also follow the pub-
lic split, which includes 10146, 4589, 4083 query-segment
pairs for training, validation and testing. As for Charades-
STA, there are 12408 and 3720 moment-query pairs in the
training and testing sets, respectively.

Implementation Details
As for video encoding, following previous works (Zhang
et al. 2020b; Wang et al. 2022), we apply the pre-trained
C3D (Tran et al. 2015) model to encode the videos on Ac-
tivityNet Caption, TACoS, and VGG (Simonyan and Zis-
serman 2014) model on Charades-STA. Since some videos
are overlong, we uniformly downsample the length of video
feature sequences to Nv = 200 for ActivityNet Caption and
TACoS datasets, Nv = 64 for Charades-STA dataset. As
for sentence encoding, we set the length of word feature se-
quences to Nq = 20, and utilize Glove embedding (Pen-
nington, Socher, and Manning 2014) to embed each word
to 300 dimension features. The dimension d is set to 512.
We train our model for 100 epochs with an early stopping
strategy. Parameter optimization is performed by Adam op-
timizer with learning rate of 0.0005, linear decay rate of 1.0.

Comparison with State-of-the-Art
To evaluate our performance, we re-implement several state-
of-the-art TSL methods for comparison: CBP (Wang, Ma,
and Jiang 2020), SCDM (Yuan et al. 2019), CMIN (Zhang
et al. 2019), CSMGAN (Liu et al. 2020), 2DTAN (Zhang
et al. 2020b), DRN (Zeng et al. 2020), MMN (Wang et al.
2022). Note that, we implement all the methods on three
datasets in the same UDA setting, i.e., training on the source
dataset and testing on the target dataset (source → target).
As shown in Table 1, we find that all previous models
achieve worse domain adaptation performance compared to
their original results reported in their papers. We also test
our baseline model NoUDA which does not use any domain
adaptation strategy. It even performs much worse than pre-
vious works. This demonstrates that TSL models without
UDA design will suffer from the domain gap and is quite

Component Variant R@1, R@1, R@5, R@5,
IoU=0.5 IoU=0.7 IoU=0.5 IoU=0.7

MSDA
w/o DA 43.34 26.46 71.43 56.98

w/ normal DA 46.99 30.39 75.65 62.30
w/ our DA 49.48 32.15 77.74 65.39

MIM

w/o MIM 40.65 24.22 68.01 55.36
w/ text 46.89 29.42 74.33 62.40

w/ video 46.57 29.20 73.85 61.95
w/ mutual 49.48 32.15 77.74 65.39

Table 3: Effect of the modality-specific domain adaptation
module (MSDA) and the mutual information maximization
module (MIM) on the Charades→ActivityNet task.

limited in the UDA setting. Instead, our UDA method can
achieve much better performance due to our new design for
reducing the domain gap, demonstrating its effectiveness.

Ablation Study
Main ablation study. To demonstrate the effectiveness of
each component in our model, we conduct ablation stud-
ies regarding the components (i.e., modality-specific domain
adaptation module Ldomain and mutual information maxi-
mization module Lt

C), and show the corresponding exper-
imental results in Table 2. From this table, we can find
that both modules contribute a lot to the final performances,
demonstrating that they are able to reduce the domain gaps
between the two datasets. Moreover, the MIM module Lt

C
brings the largest improvement, demonstrating that it pro-
vides positive pseudo video-query paris for learning the dis-
criminative frame-wise representations for accurate local-
ization in the unsupervised target domain.
Effect of the modality-specific domain adaptation. To in-
vestigate the effectiveness of our domain adaptation method,
we implement different variants of the modality-specific do-
main adaptation (MSDA) in Table 3. Here, “w/o DA” de-
notes that we do not design domain adaptation strategy
across two datasets; “w/ normal DA” denotes that we follow
previous works to directly close the two domain distribution.
It shows that both two variants achieve worse performance
than our domain strategy “w/ our DA”. It demonstrates that
an appropriate intermediate domain is able to better bridge
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Figure 3: Sensitivity of the hyper-parameter α.

w/o domain adaptation Ours

Figure 4: The t-SNE visualizations of “w/o domain adapta-
tion” and our UDA approach. Blue/red denotes source/target
domain, while circles/triangles denote videos/queries.

the two domains to smoothly and accurately reduce the gap.
Effect of the mutual information maximization. To ex-
plore the effectiveness of the mutual information maximiza-
tion (MIM) module, we comprehensively investigate sev-
eral alignment mechanisms and show the results in Table 3.
Specifically, “w/o MIM” denotes that we do not supervise
the video-query alignment in target domain. “w/ test” de-
notes that we directly select the unique text with the high-
est similarity for each target video for contrastive learning
in MIM. Similarly, “w/ video” denotes that we select the
unique video with the highest similarity for each target text.
we find that both ‘w/ test” and “w/ video” brings large im-
provement to the baseline since they self-supervise the fea-
ture learning in target domain. However, it shows that our
“w/ mutual” performs the best, demonstrating that the MIM
is superior to aligning from only one modality stream.
Sensitivity of hyper-parameters. As shown in Figure 3, we
conduct experiments under the setting of all UDA tasks, and
present the ablation study on the hyper-parameters α. From
this figure, we can find that, within a wide range of α in
[0.1, 0.9], the performance only varies in a small range, in-
dicating the robustness to different choices of α. Therefore,
we choose α = 0.6 in our all experiments.

Visualization
Feature visualization. To investigate the domain distribu-
tions of the modalities in each domain, we randomly choose
50 video-query pairs in both source and target domains re-
spectively, and show the t-SNE (Van der Maaten and Hin-
ton 2008) visualizations of “w/o domain adaptation” variant
and our UDA variant in Figure 4. We can find that there is a
large distribution gap of video/query between the source and
target domains of “w/o domain adaptation” variant. Differ-
ent from it, our proposed UDA method effectively reduces

Query: She begins to play with her hair, separating part of it and braiding it.

Ground Truth | |30.71s 72.05s
MMN (C->A) |41.28s |
MMN (T->A) |33.12s | 47.30s

82.59s

Ours (C->A) |32.07s |
Ours (T->A) |35.46s | 73.99s

74.64s

Query: He gets a cucumber from the refrigerator and a plate from the cabinet.

Ground Truth | |34.15s 46.02s
MMN (A->T) |30.59s |
MMN (C->T) |35.47s | 41.25s

36.34s

Ours (A->T) |33.16s |
Ours (C->T) |36.03s | 46.81s

44.40s

Query: The person opens up a pantry door holding some clothing.

Ground Truth | |0.40s 7.40s
MMN (T->C) |0.21s |
MMN (A->C) |0.34 | 7.47s

9.83s

Ours (T->C) |0.51s |
Ours (A->C) |0.40s | 7.41s

7.42s

Figure 5: Qualitative results on three datasets.

the domain shift by proposing the modality-specific domain
adaptation module, thus our learned feature distributions of
two domains are mixed up.
Localization visualization. We further provide the localiza-
tion visualizations of three datasets in Figure 5. It shows that
the previous SOTA TSL method MMN fails to localize the
accurate query-related segment in the UDA setting. This is
because their trained model is data-dependent and suffers
from both the cross-domain gaps and the unannotated target
correspondences. Instead, our proposed UDA-TSL method
reduces such domain shifts in a smooth way, and learns the
potential multi-modal correspondences in the target domain,
leading to better localization results.

Conclusion
In this paper, we focus on unsupervised domain adapta-
tive temporal sentence localization (UDA-TSL) task. To ad-
dress it, we propose a new yet effective UDA-TSL base-
line for this special task. Specifically, we first propose a
modality-specific domain adaptation module to simultane-
ously generate discriminative multi-modal features and al-
leviate cross-data domain shifts. Then, we learn the poten-
tial correspondence in the unannotated target data by devel-
oping a mutual information maximization module to pro-
gressively mine truly aligned target pairs and ensure the dis-
criminability of target features. Experiments on three bench-
marks demonstrate the effectiveness of our method.
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