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Abstract

Temporal Sentence Grounding in Video (TSGV) is troubled
by dataset bias issue, which is caused by the uneven temporal
distribution of the target moments for samples with similar
semantic components in input videos or query texts. Existing
methods resort to utilizing prior knowledge about bias to ar-
tificially break this uneven distribution, which only removes
a limited amount of significant language biases. In this work,
we propose the bias-conflict sample synthesis and adversarial
removal debias strategy (BSSARD), which dynamically gen-
erates bias-conflict samples by explicitly leveraging poten-
tially spurious correlations between single-modality features
and the temporal position of the target moments. Through
adversarial training, its bias generators continuously intro-
duce biases and generate bias-conflict samples to deceive its
grounding model. Meanwhile, the grounding model contin-
uously eliminates the introduced biases, which requires it to
model multi-modality alignment information. BSSARD will
cover most kinds of coupling relationships and disrupt lan-
guage and visual biases simultaneously. Extensive experi-
ments on Charades-CD and ActivityNet-CD demonstrate the
promising debiasing capability of BSSARD. Source codes
are available at https://github.com/qzhb/BSSARD.

Introduction

Temporal sentence grounding in video (TSGV) aims to lo-
cate the target video clip corresponding to the query sen-
tence, which plays a vital role in fields such as video cre-
ation and video monitoring. With the help of deep learning,
TSGYV has achieved promising performance (Zhang et al.
2020b; Ghosh et al. 2019; Zhang et al. 2020a; Yuan et al.
2019; Zheng et al. 2023a; Wang et al. 2023). However, re-
cent studies (Otani et al. 2020; Liu, Qu, and Hu 2022; Yang
et al. 2021) have shown that TSGV models are susceptible
to dataset biases. They perform the grounding task through
shortcuts created by dataset biases rather than the alignment
between query texts and corresponding visual regions, re-
sulting in poor generalization performance.

From the perspective of the dataset distribution, given
samples that contain similar semantic components in the
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Figure 1: The spurious correlation between query words and
temporal location of target moments. The horizontal and ver-
tical axes represent the normalized starting time and dura-
tion of the target moment, respectively. The color represents
the text-video pair density, which is obtained by using ker-
nel density estimation with the Gaussian kernel.

input video or query text, the bias originates from the un-
even temporal distribution of the corresponding target mo-
ments. As shown in Figure 1, in the widely used ActivityNet
dataset, for samples containing the word “see” in the query
text, their target moments tend to be concentrated in the first
half of the video, and only a few target moments are located
elsewhere in the video. This uneven distribution leads to un-
expected spurious correlations between query words and tar-
get moments, which are easily captured by TSGV models.
Once the query contains the word “see”, the model will pre-
dict the target moment as the first half of the video with a
high probability. Similar phenomena also exist in the visual
modality. Hence, generating samples to break these corre-
lations and form a uniform temporal distribution of target
moments is an effective debiasing strategy.

However, due to the rich semantic content in the video
and text, we can not enumerate all the coupling relation-
ships between the target moment and the semantic compo-
nent of the video/text to generate corresponding samples. It
is impossible to construct an ideal dataset without dataset
biases. Therefore, Zhang et al. (Zhang et al. 2021c) modify
the relative positions of target moments through video clip-
ping to form a more uniform temporal distribution of target
moments. Liu ef al. (Liu, Qu, and Hu 2022) replace certain
verbs or nouns in the query with similar vocabulary from
the dataset to obtain negative samples for the coupling re-
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lationship between query words and target moments. These
methods only disrupt a fixed quantity of dataset biases be-
cause of the limited diversity of words in the dataset and the
limited relative positions of target moments.

Based on the above analysis, we propose the bias-conflict
sample synthesis and adversarial removal debias strategy
(BSSARD) for TSGV. Its core idea is that in the training
stage, we randomly generate fake target moments for each
real sample. Then we use the bias generator to generate vi-
sual or linguistic bias features condition on these fake target
moments and construct bias-conflict samples that are falsely
associated with the synthetic target moments. Through ad-
versarial training, the bias discriminator should accurately
judge that the bias-conflict sample contains biases and pre-
dict the original target moment. In essence, it will generate
some samples for all the spurious correlations between the
temporal position of the target moments and the visual/text
modality data. It greatly destroys the uneven temporal dis-
tribution of the target moments in the TSGV datasets and
disrupts language and visual biases simultaneously.

Specifically, BSSARD consists of two bias generators and
a grounding model with a bias discriminator. Given a video-
text pair (I, I,) with target moment (y7, y.), BSSARD will
iteratively generate visual/text bias-conflict samples to form
real and fake samples for adversarial debiasing. We first ran-
domly generate a fake target moment (y7, y/). Mimicking
the spurious correlation between the visual feature and the
fake target moment, we use the visual bias generator to pro-
duce a bias vector based on (y{,yf), and add it to the vi-
sual feature of [,,, which constructs the bias-conflict sample
(I, I;). Through (I, I,), the visual bias generator aims to
force the grounding model to produce (yf,y/) and deter-
mine the input is a sample without bias. Instead, the ground-
ing model needs to produce (y;,y.) for (I,,I,) and deter-
mine it is a sample without bias. Meanwhile, it should also
produce (y%,yr) for (I,,1,) and determine it is a sample
with bias. For the query bias generator, the process is sim-
ilar. Through adversarial training, bias generators continu-
ously introduce biases and generate bias-conflicting samples
to deceive the grounding model. Meanwhile, the grounding
model continuously eliminates the introduced biases, which
requires it to model cross-modality alignment information to
accomplish the grounding task. Hence, the final model can
effectively resist the influence of dataset biases and achieve
better generalization performance.

Experimental results on the repartitioned Charades-CD
and ActivityNet-CD datasets demonstrate the effective de-
biasing capability of our approach.

Our main contributions are as follows:

* We propose a novel debiasing strategy, which generates
bias-adversarial samples for most dataset biases and per-
forms debias through adversarial training.

* We propose a debias network with two bias generators,
a grounding block, and a bias discriminator, which can
effectively eliminate visual and language biases.

» Extensive experiments on the OOD-test set demonstrate
that BSSARD achieves great debias performance.
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Related Work
Temporal Sentence Grounding in Video

TSGV methods are generally divided into proposal-based
and proposal-free models. Proposal-based methods first gen-
erate a large number of candidate proposals, and then score
all proposals with the language queries. Anchor-based pro-
posal generation methods (Yu et al. 2021; Wang, Ma, and
Jiang 2020; Qu et al. 2020; Zhang et al. 2019; Yuan et al.
2019) pre-define some boxes of specific proportions and di-
rectly generate proposals on the multi-modal features. 2D-
based proposal generation methods (Zhang et al. 2020b,
2021d; Wang et al. 2021; Gao et al. 2021; Gao and Xu 2021;
Hu et al. 2021) extend anchors to 2D to more finely model
the positional relationships between proposals. Proposal-
free methods are divided into regression-based and span-
based methods. Regression-based methods (Yuan, Mei, and
Zhu 2019; Lu et al. 2019; Zeng et al. 2020; Mun, Cho, and
Han 2020; Ghosh et al. 2019; Zheng et al. 2023a; Wang et al.
2023) directly regress start and end timestamps. Such meth-
ods mainly focus on designing various feature encoding and
cross-modal reasoning strategies to achieve precise local-
ization. Span-based methods (Tang et al. 2021; Zhao et al.
2021; Zhang et al. 2021b,a, 2020a; Zheng et al. 2023b) di-
rectly predict the probability of each video segment as the
start and end position of the target moment.

Model Debiasing

Solutions for mitigating dataset bias are divided into two cat-
egories: ensemble-based methods and additional constraint-
based methods. Ensemble-based methods (Dagaev et al.
2021; Han et al. 2021; Liu, Qu, and Hu 2022) involve us-
ing weak models to learn the bias and then assessing the
bias of samples based on the weak models. Biased samples
are then given lower weights in the main model to achieve
debias. Constraint-based methods (Hao et al. 2022a; Dar-
low, Jastrzebski, and Storkey 2020; Yang et al. 2021; Lan
et al. 2023; Qi et al. 2023; Lan et al. 2022; Yoon et al. 2023)
usually entail designing special structures and adding extra
tasks to the model. This approach can separate bias from
true rules, forcing the model to learn the true rules to com-
plete the task. In contrast to the above methods, we propose
to synthesize bias-conflict samples and disrupt the uneven
distribution of the target moments for samples with similar
semantic components, which forces models to learn useful
alignment visual-language information for grounding.

Method
Overview

Our bias-conflict sample synthesis and adversarial removal
debias strategy (BSSARD) is shown in Figure 2, which is
based on a span-based grounding model and incorporates
a Visual Bias Generator (VBG), a Query Bias Generator
(QBG), and a Bias Discriminator (BD).

In the training stage, given a video-query pair (I, I;)
with the target moment (y7,y%) , we first utilize the visual
and textual feature extractor to capture feature representa-
tions V' and (). On the one hand, we feed the original V/



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Visual Feature Feature
Extractor Encoder
: QBG Feature SP |— (start, end)
H Interactor X :
0 LQI) 0
“The person turns off Textual Feature |Q i [ Feature 0 3 % i
the light as they leave” Extractor i | Encoder i BD real/fake
VBG
a=——— E
) o N i
Zm Q ?@ n % % Q ;
H -, > b
N O © [V = % :
7 = = ;
Fs =) c i
—/ H
X N1 X M 1 X N2 .

Figure 2: An overview of our BSSARD. The orange background is only used during the training period. Best viewed in color.

and @ into the feature encoder and feature interactor to ob-
tain real sample feature X. Then, the span predictor (SP)
should accurately produce the start and end time of the target
moment. Meanwhile, the bias discriminator module should
accurately predict it as the real sample. On the other hand,
given a fake temporal location z, = (y!,y/) of the target
moment obtained through random uniform sampling from
the video frames, we employ VBG to generate visual bias
feature V}, and element-wise add it to the real sample feature
V', which produces V. Similar to the real sample, we obtain
bias-conflict sample feature X . It has two labels, one is the
temporal position (y7, y7) of the real target moment and the
other is the fake temporal position (y7, /). The bias gen-
erator wants to generate shortcut features to trick SP into
generating a target moment similar to 2, and trick BD into
judging the current sample as the real sample. Instead, the
SP will try to generate target moments as close as (y”,y?)
and the BD will judge it as a sample with bias. Similarly, we
also employ QBG to generate textual bias feature ), and
perform the above process. The synthesized bias features
simulate all kinds of spurious correlations between the se-
mantic information of video/text and the temporal position
of the target clips. Through adversarial training, it effectively
mitigates visual and linguistic biases. In the inference stage,
the VBG, QBG, and BD components are removed.

Bias Generator

The bias generator generates bias-conflict sample features
based on synthesized spurious relationships between the uni-
modality information and the temporal positional labels.

Visual Bias Generator We construct VBG by the G
module (Wang et al. 2020), which encodes video features by
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decoupling appearance and motion content. The VBG con-
tains three randomly generated variables z,, z,, and z, as
inputs, and generates visual bias vector V;, for constructing
bias-conflict samples. These random variables guarantee the
diversity and randomness of the bias generator.

Especially, the z, and z,, are random vectors that fol-
low a normal distribution and represent appearance and mo-
tion content, respectively. VBG first inputs z, and z,, into
N stacked G3, and produces three visual stream features,
named temporal stream Fr, spatial stream Fg and video
stream Fy . Then, we random generate a fake temporal la-
bel z, € R3*™ of the target clip, which is obtained through
random uniform sampling from the video frame sequence
within the range of [0, n — 1]. Its three dimensions are mu-
tually exclusive and represent whether the segment contains
background, foreground, or ignored data. It provides the
temporal position conditional information that the bias gen-
erator requires. Subsequently, z, is concatenated with Fr
and Fy to introduce temporal position information. Next,
VBG outputs the visual bias vector V;, € R"*¢ through M
stacked G°. Finally, we add V}, to V' and obtain visual bias
conflict sample feature V,

Vo = VBG (2a), Zm, %p)
V=V, +V
where n and d are the video length and feature dimension.

(D

Query Bias Generator We construct QBG by a simple
fully connected structure and transpose convolutional struc-
ture. The QBG needs two randomly generated variables z,,
and z, as inputs and generates textual bias vector () for
constructing bias-conflict samples.

Specifically, we randomly sample z,, from a normal distri-
bution, which is a random vector of length n and represents
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the synthetic label of the fake target video moment. Then
we embed it using a fully connected layer, which provides
the temporal position information for the feature generation.
To enhance randomness and diversity, QBG also generates
a random vector z,, from a normal distribution to introduce
the context for the feature generation, which is concatenated
with the encoded position feature. We use N linear layers
and M, transposed convolution layers to produce the word
sequence bias feature @, € R™*¢. Finally, we add Q; to
and obtain query bias conflict sample feature @,

Qb = QBG (Zunzp)
Q=Qv+Q

where m represents the length of the query text.

@

Grounding Model

The grounding model consists of a feature encoder, feature
interactor, span predictor (SP), and bias discriminator (BD).
BD is a binary classifier that identifies whether the sample
contains biases. SP should make correct temporal grounding
predictions for both regular and bias-conflict samples.

For the normal samples without synthetic bias features,
V and @ are encoded by the feature encoder and feature
interactors to generate cross-modal representations X. Sub-
sequently, the SP and BD make predictions,

ph,ph =SP(X) e R",R"

p, = BD(X) € R? ®)

where p;, and p represent the predicted start and end posi-
tions of the target moment for the real sample, and pJ; repre-
sents the probability of the sample containing bias.

For bias-conflict samples, we iteratively encode V and Q
or V and Q in each training iteration by the feature encoder
and feature interactor to generate cross-modal representation
X. Subsequently, the SP and BD make predictions,

pé" f_ SP(X) c R7L7R71,

€

s “
ph = BD(X) € R?
where p£ and pg represent the predicted start and end posi-

tions of the target moment for the bias-conflict sample, and

f

p;; represents the probability of the sample containing bias.

Training Objectives

Training Process As shown in Algorithm 1, we train the
two bias generators alternately in each training step. We de-
tail the bias generator loss L9 and the discriminator loss L¢.

Bias Generator Training Objectives The visual/query

bias generator aims to deceive the bias discriminator and in-

duce the span predictor to produce the given fake labels.
We use cross-entropy loss to trick the bias discriminator,

LY. = for(pl,0) )

where p§ represents the predicted sample flag. 0 indicates
the current sample is a real sample without synthetic bias.
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Algorithm 1: Training process in one epoch.

Require: VBG; QBG; GD;
Ensure: TSGV model
1: for each training iteration do
Sample (V, Q). (5, y.)
Sample 2, 24, 2p, (Y1, yl)
Vi <= VBG(2p, 24, 2p)
VeV, Q+—Q
Get pt, pl, p3, !, p{ , p) by Equation 3 and 4
Calculate L9 and train VBG, freeze GD
Calculate L% and train GD, freeze VBG
9:  Sample 2y, 2p, (yg”, y{)

AN A i

10:  Qp < QBG(zy, 2p)

1: V«V,Q+Q+Q,

12:  Getpg,py, pg,pf,pét,pg by Equation 3 and 4
13:  Calculate L9 and train QBG, freeze GD

14:  Calculate L% and train GD, freeze QBG

15: end for

It encourages the generator to generate samples that the BD
will classify as unbiased.
To induce span predictor, we use cross-entropy loss:

Lg

loc

1
=3 [fer (pfvy{) + fee (pf,yg)} 6)
This encourages the bias generator to generate bias-conflict
samples that can deceive the grounding model.
The total training loss of the bias generator is
L9 =L] +MLY,

loc

)
where \; is a weight hyperparameter.

Discriminator Training Objectives The discriminator
needs to distinguish between real and bias-conflict samples
and predict the true target moments.

For the bias discriminator, we use cross-entropy loss,

L%, = fes®5,0) + fer(®),1) (8)

It encourages the discriminator to accurately judge real and
synthetic samples.
For the temporal grounding, we use the traditional span-
based cross-entropy loss,
Id

loc

=L er 000 + for (o)
% )
t+5 [for () + for (0]

Besides, we find it advantageous to incorporate a sample-
based distance metric such as KL divergence. Consequently,
we introduce an additional objective,

L{y = D(p|pl) + Du(ilpl)

Here, Equation 9 aligns the predictions towards the real la-
bels, and Equation 10 limits the predictions of bias-conflict
samples to not deviate much from the predictions of the cor-
responding original samples. Meanwhile, KL divergence is

(10)
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Charades-CD

ActivityNet-CD

Method OOD 1ID OOD 11D

rli5  rli7 mloU | rli5 rli7 mloU | rli5 rli7 mloU | rli5 rli7 mloU
2D-TAN (Zhang et al. 2020b) 28.18 13.73 34.22 | 46.48 28.76 42.73 | 18.86 9.77 28.31|40.87 28.95 44.99
LG (Mun, Cho, and Han 2020) 4290 19.29 39.43 | 51.28 28.68 45.16 |23.85 10.96 28.46 |46.41 29.28 44.62

DRN (Zeng et al. 2020) 31.11 15.17 23.05(42.04 23.32 28.21 - - - - - -
VSLNet (Zhang et al. 2020a) 34.10 17.87 36.34 | 43.26 28.43 42.92|20.03 10.29 28.18 |47.81 29.07 46.33
DCM (Yang et al. 2021) 40.51 21.02 40.99 | 52.50 35.28 48.74 {20.86 11.07 28.08 | 42.15 29.69 45.20
SVTG (Hao et al. 2022a) 46.67 27.08 44.30|57.59 37.79 50.93 |24.57 13.21 30.45|48.07 32.15 47.03

MDD (Lan et al. 2022) 40.39 22.70 - 52.78 34.71 - 20.80 11.66 - 43.63 31.44 -
QAVE (Hao et al. 2022b) 37.84 19.67 38.45(47.63 29.28 44.17 |21.39 10.86 28.41 |44.58 27.42 44.28
BSSARD-QAVE 44.47 26.16 4295 |54.31 37.67 49.41 |23.11 12.17 29.40 | 46.04 30.06 45.56
EXCL (Ghosh et al. 2019) 39.61 19.35 38.81 |47.18 26.59 44.02 |23.38 12.66 29.19 |45.76 29.62 46.42
BSSARD-EXCL 41.93 22.53 409 |50.00 31.86 46.47 | 23.75 12.93 29.26 | 46.98 30.34 46.12
VSLNet* (Zhang et al. 2020a) 43.08 22.52 41.52 |52.86 34.87 48.23 |25.40 13.51 30.33 |48.07 31.19 46.94
BSSARD-VSLNet* 47.20 27.17 44.59 | 55.65 36.33 50.45|27.02 14.93 31.49 [ 49.67 33.72 48.54

Table 1: Comparison results with state-of-the-arts. VSLNet* replaces the encoder in VSLNet with a transformer block.

a regularization method to prevent the generator from over-
fitting training data and improve the generalization ability.
The total training loss of the discriminator is:
LY=L+ MLY%, 4+ NsLY,

loc cls

QY

where Ay and A3 are weight hyperparameters.

Experiment
Experiment Setup

Datasets We conduct experiments on the repartitioned
Charades-CD and ActivityNet-CD (Lan et al. 2022). In these
repartitioned datasets, the target moments of samples in the
training, val, and test-iid sets are independent and iden-
tically distributed, while the test-ood set contains out-of-
distribution samples. We can verify the debias ability of dif-
ferent models according to the grounding performance on
the test-ood set and the performance difference between test-
iid and test-ood sets.

Metrics We use evaluation metrics of R@n, IloU=m, and
mloU. R@n, IToU=m measures the proportion of test sam-
ples in which at least one of the top-n localization results
has an IoU score greater than m. The mloU measures the
average IoU score across all test samples. We set n to 1 and
m to either 0.5 or 0.7, and use r1i5 and r1i7 to denote R@1,
IoU=0.5 and R@1, IoU=0.7, respectively.

Implementation Details For the text feature extractor, we
use 300d GloVe (Pennington, Socher, and Manning 2014)
vectors for initialization. For the visual feature extractor,
we use pre-trained I3D (Carreira and Zisserman 2017) and
C3D (Tran et al. 2015) features. For the visual bias genera-
tor, we set N7 to 4 and M to 2. For the query bias genera-
tor, we set Ny to 2 and M5 to 4. During the training process,
we use the AdamW (Loshchilov and Hutter 2017) optimizer,
with a batch size of 16, and an initial learning rate of 0.001.
We set A1 to 1, Ay to 1, and A3 to 1.

Row BG Grounding 00D

Ly, L% |LE, LY, LE| rli5  rli7 mloU
1 - - v - |43.08 22.52 41.52
2\ Vv - |V - - |46.64 26.40 43.49
3| v - | Vv - VvV |4599 26.16 44.02
4 - V| v v - |4516 25.72 43.18
5 - V| Vv vV VvV |46.22 2640 44.22
6 | v Vv | Vv Vv - |4741 2684 44.00
7|V Vv | v Vv Vv |4720 2717 44.59

Table 2: Ablation study about loss functions.

Comparison with State-of-the-Arts

To verify the universality of our debias strategy, we imple-
ment our BSSARD on multiple existing backbones QAVE,
ExCL, and VSLNet*. The experiment results on Charades-
CD and ActivityNet-CD datasets are presented in Table ??.
We can see that our approach can significantly improve the
grounding performance of different backbones on most eval-
uation metrics for OOD and IID test sets in both datasets.
This indicates that our method has stronger debias and
grounding ability. Besides, although our method shows
the best performance in ActivityNet-CD’s IID (BSSARD-
VSLNet*), it works weaker than SVTG in Charades-CD’s
IID test set. This is due to the IID test set of Charades-CD
containing a higher proportion of biased samples.

Ablation Study

We conduct abundant ablation studies on Charades-CD
datasets over BSSARD-VSLNet* backbones.

Loss Terms We analyze the impact of each loss function
and their combinations on the grounding performance. Ta-
ble ?? summarizes the results. We can see that each loss
function has its validity, and the combination of generation

4537



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

00D 1D
Method 11is 11i7 mloU]| r1i5 r1i7 mloU
QAVE  37.84 19.67 38.45[47.63 29.28 44.17
QAVE-Q  41.9623.20 40.97|50.18 32.56 47.11
QAVE-V 42792234 41.03(54.07 33.41 48 31
BSSARD-QAVE  44.47 26.16 42.95(54.31 37.67 49.41
ExCL  39.61 19.35 38.81[47.18 26.59 44.02
ExCL-Q  39.94 19.7 39.05/48.9026.59 44.72
ExCL-V  39.10 19.21 38.7747.79 30.76 45.58
BSSARD-ExCL 41.9322.53 40.9 50.00 31.86 46.47
VSLNet* 4308 22.52 41.52[52.86 34.87 48.23
VSLNet*-Q  44.8625.30 42.91|53.10 33.78 49.13
VSLNet*-V  45.1625.48 44.04|55.89 36.57 51.60
BSSARD-VSLNet* 47.20 27.17 44.5955.65 36.33 50.45

Table 3: Ablation study about bias generator.

visual language rli5 rli7  mloU
before before 47.32 2646 44.30
before after 4720 2717 44.59
after before 45.45 25.30 42.66
after after 46.67 2590 43.69

Table 4: Ablation study about bias injection positions. “be-
fore” and “after” represent the injection position before and
after the feature encoder, respectively.

and adversarial losses can further improve the grounding
performance on the OOD test set. Besides, the L¢, leads to
performance improvements in most cases. However, the im-
provement is limited when L¢,, is not used. This is because
Lgl depends on the grounding model’s attention to the bias
features brought by L?

cls®

Bias Generator We analyze the impact of visual and
query bias generators on different backbones and show the
results in Tables ??. *-V and *-Q refer to the backbone
model that uses only visual and query bias generators, re-
spectively. The results show that the visual and query bias
generators are effective on all backbones, and the two gen-
erators complement each other. Besides, we find that the
performance of VSLNet*-V is even better than BSSARD-
VSLNet* on the IID test set. This is mainly due to two rea-
sons, one is that the powerful cross-modality alignment abil-
ity of VSLNet* weakens the integration effect of the two
bias generators, and the other is the presence of numerous
language bias samples in the IID test set.

Bias Injection Positions We explore the effect of bias fea-
ture injection positions. The injection position determines
which features the bias generator needs to generate bias on
and which parts of the grounding model need to complete
debias task. For visual and language biases, we separately
test the injection position before and after the feature en-
coder. The results are shown in Table ??. We can see that
injecting the visual bias feature before the visual feature en-
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Zp concat rli5 rli7  mloU
R™ Fr, Fy 4640 2640 44.07
R3xn Fr, Fy 4720 27.17 44.59
R3*"  Fp Fy,Fg 4670 2628 44.15

Table 5: Ablation study about fusion method of z,,.

Training strategy rliS rli7  mloU

alternate each epoch  46.79 26.76 44.53
random each step  45.81 25.84 43.81
alternate each step  47.20 27.17 44.59

Table 6: Ablation study about training strategy.

coder and injecting the language bias feature after the lan-
guage feature encoder is the most effective. This primar-
ily depends on the distinct characteristics of vision and text
data and the need for both accuracy and diversity in gener-
ated bias features. First, the intricate nature of video content
and the high-dimensional visual feature space pose serious
challenges for the feature encoder that aims to map visual
and textual features into a shared space for multi-modal fea-
ture alignment. Injecting visual bias before the feature en-
coder reduces the encoder’s learning complexity, enabling
the model to differentiate real from synthesized visual fea-
tures. Second, introducing language bias after the feature en-
coder helps the model better capture bias during the multi-
modal feature alignment stage. Third, multiple injection po-
sitions increase the diversity of generated bias features.

Besides, we inject bias in the feature domain instead of
the input data because it is more controllable to generate
high-quality sample features. If we directly generate video
samples, the generator should not only capture the bias in-
formation but also learn the original video representation,
which greatly increases the learning difficulty.

Fusion Method of z, in VBG We investigate the impact
of different fusion methods between z, and visual features
in VBG. Table ?? summarizes the results on the OOD test
set. We test three fusion methods, (1) encoding the temporal
position as z, € R™ and fusing it with the temporal stream
Fr and video stream Fy . (2) encoding the temporal posi-
tion as z, € R3*" and fusing it with Frr and Fy . (3) en-
coding the temporal position as z, € R3>*" and fusing it
with the Fr, Fy and spatial stream F's. The results demon-
strate that the second method is the most effective. This is
because z, € R3*™ can better represent temporal position
information, and only the time stream F7 and video stream
Fy containing temporal information that can better utilize
temporal position information.

Training Strategy for Bias Generators We investigate
the impact of the training order of two bias generators and
show results in Table ??. We test three training strategies: (1)
alternately training the two bias generators at each epoch. (2)
randomly selecting one bias generator for training at each
training step. (3) alternately training the two bias genera-
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Query: person cooking something on the stove.

Query: person they start sneezing

W ‘M‘ M !M i\w

-

BSSARD-VLSNet*

(a) “cook” suggests the target moment starts at the video start.

Query: person holds up a broom.

i

BSSARD-VLSNet*

(c) “hold” suggests the target moment starts at the video start.

BSSARD-VLSNet*

(b) “start” implies the target moment is at the end of the video.

Query: person eating it.

e 5.5

BSSARD-VLSNet*

(d) “hold” suggests the target moment starts at the video start.

Figure 3: The visualization comparison results between VLSNet* and BSSAR-VLSNet*.

Setting B-VSLNet VSLNet B-QAVE QAVE
Original query 47.20 43.08 44.47 37.84
Random query 15.11 18.31 29.87 31.17

Gap 67.99% | 57.50% | 32.83% | 17.63% |

Table 7: Comparison results under random text input.

tors at each training step. The experimental results indicate
that the third training strategy is optimal. This is mainly be-
cause alternate training the two bias generators can avoid the
model overfitting into a certain debias approach.

Analysis of the Debias Effect

The Verification of Mitigating Bias We randomly shuf-
fle the words in each query text, which disrupts potential
spurious correlations among query text and target moments.
It also prevents the model from relying on visual-language
alignment unless it depends on visual bias. Table ?? shows
BSSARD achieves more significant performance degrada-
tion. This indicates our approach relies less on bias correla-
tions beyond query text to perform grounding.

Qualitative Analysis We also compare the debias effect of
our BSSARD-VLSNet* and VLSNet* at the sample level in
Figure 3. First, we give the temporal distribution of the target
moment for samples with common verbs in the Charades-
CD training set in Figure 4. This indicates each verb contains
prior knowledge for the localization of the target video clip.
For example, the verb “cook” indicates that the temporal lo-
cation of the target moments for most samples is the first half
of the video. Hence, if the query text contains “cook” and
the model will output the target moment with high probabil-
ity in the first half of the video, which is the phenomenon of
VLSNet* shown in Figure 3(a). However, the result of our
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1.0
eat cook start hold
0.6
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0.0 0.5 1.00.0 0.5 1.00.0 0.5 1.0 0.0 05 1.0

Figure 4: The temporal distribution of target moments for
video-text samples with certain common verbs. The hori-
zontal and vertical axes denote the normalized starting time
and duration of the target moment, respectively. The color
represents the sample density.

BSSARD-VLSNet* is not affected by the bias in the training
set. The other three examples also show that the VLSNet*
model relies on the bias in the training set for prediction,
while our BSSARD-VLSNet* can effectively reduce the de-
pendence on the bias and shift the model’s attention back to
cross-modality matching to make correct predictions.

Conclusion

In this paper, we propose a novel adversarial training debias
framework for TSGV task. It dynamically generates bias-
conflict samples by exploiting all kinds of spurious relation-
ships between single-modality features and the target mo-
ments, which can effectively remove the bias dependency
of the TSGV models. In essence, the debias is achieved
through directional data augmentation, which breaks the un-
even temporal distribution of the target moments for sam-
ples that contain similar semantic components. Extensive
experiments on Charades-CD and ActivityNet-CD datasets
demonstrate the effectiveness of our strategy. In the future,
we will apply our method to a wider range of scenarios, such
as debias in visual question-answering task, and also elimi-
nate cross-modality combination bias problems.
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