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Abstract

Video Moment Retrieval (VMR) aims to identify a temporal
segment in an untrimmed video that best matches a given tex-
tual query. Bias in VMR is a critical issue, where the model
achieves favorable results even if disregarding the video in-
put. Existing evaluation methods, such as Resplitting, have at-
tempted to address bias by creating out-of-distribution (OOD)
datasets. However, these methods provide an incomplete defi-
nition of bias and do not quantify bias. To this end, we provide
a comprehensive definition of bias in VMR, encompassing
both data bias and model bias. Besides, our evaluation met-
rics can analyze the magnitude of these biases better. To ad-
dress both data and model biases comprehensively, we intro-
duce Reverse Distribution based VMR (ReDis-VMR). This
novel approach dynamically generates datasets with inverse
distributions tailored to different models based on Gaussian
kernel estimation. As a result, it enables a more accurate eval-
uation of model performance. Building on ReDis-VMR, we
further propose the Dynamic Expandable Adjustment (DEA)
pipeline. DEA incrementally expands the model structure to
enhance its focus on video and text features, and it incorpo-
rates a fair loss to minimize the influence of concentrated data
distributions. The experiments on bias ratio demonstrate that
our ReDis method achieves state-of-the-art performance in
bias elimination, while the results on moment retrieval con-
firm the effectiveness of our DEA framework across three
evaluation methods, two datasets, and three baselines.

Code — https://github.com/NoobKLD/ReDis-VMR

Introduction
Video Moment Retrieval (VMR), as a downstream task in
video content understanding, has recently garnered signifi-
cant attention from researchers (Gao et al. 2017; Hendricks
et al. 2017; Liu et al. 2018; Lu et al. 2019; Hahn et al. 2020;
Wang, Huang, and Wang 2019). The objective of VMR is
to identify a temporal segment in an untrimmed video that
best matches a textual query. Researchers typically focus on
designing models to obtain improved fusion representations
of video and text (Zhang et al. 2020b; Cui et al. 2022; Zhang
et al. 2020a; Gao et al. 2017; Hendricks et al. 2017; Liu et al.
2018; Lu et al. 2019). It is worth noting that the biases in
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Figure 1: An example of data bias and model bias: (a) Dis-
tribution of the train set and its highest confidence segments.
(b) Distribution of the test set and the ground truth. (c)
Model’s candidates and their highest confidence segments.

VMR are often overlooked. Due to the similarity of concen-
trated distributions of temporal segments in existing training
and testing datasets, models can achieve favorable results
even when overlooking video inputs (Otani et al. 2020).

Existing methods (Yang et al. 2021; Liu, Qu, and Hu
2022; Wang et al. 2023; Yin et al. 2023) primarily verify
the generalization ability of models without bias by evaluat-
ing on resplitted datasets (Yuan et al. 2021). The resplitting
method modifies the training and test data based on the dis-
tribution of the original training set and test set, transforming
them into datasets with out-of-distribution (OOD) distribu-
tions. This resplitting method primarily addresses data bias,
which refers to the phenomenon where a model achieves fa-
vorable results due to the similarity between the distributions
of the training set and the test set. However, in addition to
data bias, we identified the presence of model bias, which is
equally important and warrants attention. Model bias refers
to the similarity between the distribution of the model’s can-
didate set and the distribution of the test set, leading to a
predictive tendency in the model. As a result, the model can
achieve favorable results even without training. Neverthe-
less, a VMR model should be capable of predicting any tem-
poral segment without such predictive tendencies.
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As shown in Figure 1(a) and (b), the distributions of the
training set and the test set in existing datasets (Gao et al.
2017; Krishna et al. 2017) are significantly similar, which
constitutes data bias. As illustrated in Figure 1(b) and (c),
existing models often design different candidates for differ-
ent datasets. These multiple candidates form a distribution.
Since this distribution often closely resembles that of the test
set, the model can achieve favorable results even without
training. We define this phenomenon as model bias. More-
over, previous methods have not provided specific evaluation
metrics to measure the magnitude of both biases. To quan-
tify data bias and model bias, we have designed an evalua-
tion metric. This metric measures the residual bias by cal-
culating the KL divergence between the distributions of the
training set, test set, and model’s candidate set. In analyzing
the data bias and model bias, we found that the existing re-
splitting method (Yuan et al. 2021) is ineffective in mitigat-
ing data bias and also fails to address the problem of model
bias. Therefore, following the resplitting method’s setting,
there is an urgent need for a method to modify the dataset
eliminating both data and model biases to validate the real
performance of VMR.

To meet this need, we propose Reverse Distribution based
VMR (ReDis-VMR), which dynamically generates data
with inverse distributions according to the characteristics
of different model designs. ReDis-VMR utilizes prediction
distribution on the train set to obtain a reverse distributed
dataset of the original concentrated distributed dataset. The
combination of the two datasets becomes a uniformly dis-
tributed dataset, which can eliminate the concentrated distri-
bution for this specific model design. Based on this effective
evaluation setting of ReDis-VMR, we propose the Dynamic
Expandable Adjustment (DEA) pipeline. In DEA, when the
model converges, the dynamic model structure is incremen-
tally expanded, which enhances the model’s perception of
video features. Meanwhile, to reduce the impact of concen-
trated data distribution and avoid predictive tendencies, we
design a fair loss that encourages the predicted confidence
distribution of our DEA to be a uniform distribution.

Our contributions can be summarized as follows:

• We are the first to provide a comprehensive definition of
bias in VMR, encompassing both data bias and model
bias. The necessity of eliminating these biases is empha-
sized, along with the introduction of evaluation metrics
for quantifying them.

• We propose ReDis, which effectively eliminates both
model bias and data bias, allowing for the validation of
model performance without bias. In addition, DEA en-
hances the focus on video and text features through its
dynamic model structure. A fair loss objective is also in-
troduced, designed to counteract the reliance on concen-
trated data distribution.

• The ReDis method achieves state-of-the-art results in
eliminating both data bias and model bias. Additionally,
the DEA framework excels in experimental results across
three validation methods and three baselines, demonstrat-
ing its broad applicability.

Related Works
Video Moment Retrieval. VMR aims to identify tempo-
ral segments in videos that best match textual queries. Based
on different supervision information, methods can be cat-
egorized into two types: fully-supervised methods (Zhang
et al. 2021; Yang and Wu 2022; Huang et al. 2022)
and weakly-supervised methods (Mithun, Paul, and Roy-
Chowdhury 2019; Lin et al. 2019; Wu et al. 2020; Zhang
et al. 2020c; Ma et al. 2020). Additionally, based on dif-
ferent model structures, they can be divided into three cate-
gories: two-stage methods (Gao et al. 2017; Hendricks et al.
2017), end-to-end methods (Liu et al. 2018; Lu et al. 2019;
Zhang et al. 2019), and reinforcement learning-based meth-
ods (Hahn et al. 2020; Wang, Huang, and Wang 2019).
two-stage methods, end-to-end methods, and reinforcement
learning-based methods.

Biases in Video Moment Retrieval. In VMR, there ex-
ists a particular phenomenon where the model, during its
inference process after learning, often disregards one or
several input modalities and directly yields correct results.
Otani et al. (Otani et al. 2020) pointed out this issue of bi-
ases and analyzed datasets and some SOTA methods (Zhang
et al. 2020b; Yuan et al. 2019). They found that on Cha-
rades (Gao et al. 2017) and ActivityNet (Krishna et al. 2017)
datasets, temporal segments corresponding to sentences with
the same vocabulary are concentrated. This leads the model
to easily predict these concentrated segments, ignoring the
video input, and achieving good performance metrics.

Subsequently, researchers also began to focus on the bi-
ases problem in VMR. Existing solutions can mainly be
classified into three categories: directly modifying data dis-
tribution or model designs (Zhang et al. 2022; Wang et al.
2022; Lan et al. 2023; Yang et al. 2021; Liu, Qu, and Hu
2022; Wang et al. 2023; Yin et al. 2023; Yoon et al. 2022),
modifying performance metrics (Togashi et al. 2022; Zhou
et al. 2021), and weak supervision (Zheng et al. 2022; Cui
et al. 2022; Ji et al. 2023). In methods that modify data dis-
tribution or model designs, Yuan et al. (Yuan et al. 2021)
created a set of OOD datasets to evaluate the model’s gen-
eralization ability under OOD conditions. Hao et al. (Hao
et al. 2022) disrupted global video representations to ad-
dress the bias problem without sacrificing accuracy. Lan et
al. (Lan et al. 2023) balanced sample distribution by adding
negative samples. Yang et al. (Yang et al. 2021) addressed
bias problems by eliminating confounding effects of video
segments. Liu et al. (Liu, Qu, and Hu 2022) devised three
bias representations and moved the primary representation
away from the video representation. Wang et al. (Wang et al.
2023) designed a hybrid sentence representation to enhance
the model’s generalization. Yin et al. (Yin et al. 2023) em-
phasized the importance of enhancing action text representa-
tions to address biases. Modifying performance metrics (To-
gashi et al. 2022; Zhou et al. 2021) measured the model’s
predictive ability without biases using new evaluation met-
rics. Weak supervision approaches (Zheng et al. 2022; Cui
et al. 2022; Ji et al. 2023), utilized less supervisory infor-
mation, which means reducing biases in supervisory infor-
mation. However, these methods either overlook the impact
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of data on bias or ignore the influence of the model on bias.
Additionally, they do not provide evaluation metrics to quan-
titatively assess bias.

Bias Analysis and Quantification
Problem Formulation
Given a video feature V and a query text feature T , the pur-
pose of VMR is to obtain the most relevant video segment to
this text. The start and end timestamps of the video segment
are denoted by (s, e). Ideally, a VMR model should utilize
multi-modal representations (V, T ) to predict the positions
of temporal segments, denoted by (V, T )

M−→ (s, e), where
M represents the trained model. The predicted values of s
and e can be rational only when the multimodal representa-
tions of V and T are jointly considered.

However, in practice, the distribution of (s, e) in the origi-
nal dataset, denoted as D0, tends to be concentrated. During
training, the model often achieves a low loss by predicting
temporal segments within the concentrated distribution. In
other words, it disregards multi-modal features (V, T ) and
directly predicts the temporal segments s and e based on the
distribution D0, denoted by D0

M−→ (s, e). We can observe
that biases are influenced by two causes: the distribution of
the dataset D0 and the design of the model M . Data bias:
bias caused by D0 primarily arises from the similarity be-
tween the distributions of the training set and the test set.
Model bias: bias caused by M is mainly due to the similar-
ity between the distribution of the model’s candidate set and
the test set.

Bias Quantification
To quantify the relationship between D0 and M in data and
model biases, we need to define the computation methods
for the distributions of the training set, test set, and model’s
candidate set.

Let X = {xi | xi = (si, ei), i = 1, 2, . . . , n} denote
the set of temporal segments. The training set and test set in
D0, as well as the candidate set in M , are denoted as Xtrain,
Xtest and Xcan, respectively. We compute the distributions of
the training set Xtrain and test set Xtest using Gaussian kernel
density estimation:

g(x) =
1

2nπh2

n∑
i=1

exp

(
−∥x− xi∥2

2h2

)
, (1)

where n is the number of samples and h is the bandwidth,
which is set using Silverman’s rule of thumb, denoted as h =(

4
d+2

)1/(d+4)

n−1/(d+4)σ. The distributions of the training
set and test set can be represented by gtrain(x) and gtest(x),
respectively.

We define the distribution of the model’s candidate set as
the expected score for each candidate when samples are uni-
formly and randomly distributed. This expectation reflects
the model’s predictive tendency in the absence of training.
The the ith candidate’s expected score is given by: Ei =∑n

j=1 IoU(xi, xj) where IoU() represents the intersection-
over-union metric. The expected score Ei for each candidate

xi is the accumulation of scores for other candidates. Fi-
nally, we estimate the distribution of the candidate set using
a weighted Gaussian kernel. The formula is as follows:

ĝ(x) =
1∑n

i=1 Ei

n∑
i=1

Ei
1

2πh2
exp

(
−∥x− xi∥2

2h2

)
. (2)

We can obtain the distribution of the candidate set ĝcan.
Kullback-Leibler (KL) divergence is used to calculate the
additional information required by the training set gtrain and
the candidate set ĝcan relative to the test set gtest. The greater
this additional information, the lower the similarity between
gtrain and ĝcan relative to gtest, indicating less bias. Let Xall

represent the set of all possible candidate segments of model
f . The formula of KL divergence is as follows:

KLdata(gtest∥gtrain) =
∑

x∈Xall

gtest(x) log
gtest(x)

gtrain(x)
, (3)

KLmodel(gtest∥ĝcan) =
∑

x∈Xall

gtest(x) log
gtest(x)

ĝcan(x)
. (4)

Finally, we normalize this value to a range of 0 to 1 to
represent the proportion of bias present. A higher proportion
indicates a greater residual bias, while a lower proportion
indicates less bias. The formula for the bias ratio of model
M on dataset D0 is as follows:

Bdata(D0,M) =
1

1 + KLdata
,Bmodel(D0,M) =

1

1 + KLmodel
,

(5)

BiasRatio(D0,M) =
1

2
(Bdata(D0,M) + Bmodel(D0,m)).

(6)
The symbols Bdata and Bmodel represent the data bias ratio

and model bias ratio, respectively. We take the average of
these two values as the final bias ratio.

Analysis of Existing Debias Methods
(Otani et al. 2020) posits that due to the similar temporal seg-
ment distributions between the training and test sets in the
existing dataset (Gao et al. 2017; Krishna et al. 2017), mod-
els can predict the correct temporal segments by exploiting
the distribution, rather than the actual video content. They
summarize this phenomenon as bias.

The resplitting method (Yuan et al. 2021) re-partitions the
dataset based on the existing distribution, making the train-
ing and test sets OOD datasets. They assert that validating
on this re-partitioned dataset effectively verifies the model’s
performance without bias. However, both (Otani et al. 2020;
Yuan et al. 2021) only address the causes of bias from a
data perspective and do not provide metrics to quantify bias.
This lack of comprehensive bias quantification and mitiga-
tion leads to inefficiencies in existing methods.

To highlight these inefficiencies, we calculated the bias
ratios for various models under the traditional dataset dis-
tribution, the resplitted dataset distribution, and the ReDis
dataset distribution. As shown in Figure 2, we have calcu-
lated the bias ratios for various models under the traditional,
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Figure 2: Data and model bias ratios for three VMR evalua-
tion methods under ViGA and Vlsnet in Charades dataset.

resplitted and ReDis dataset distribution. Compared to Tra-
ditional VMR, Resplitting VMR is ineffective at eliminat-
ing data bias and actually increases the model bias ratio. In
contrast, both data bias and model bias show a significant
decrease in the ReDis-VMR evaluation settings.

Method
In this section, to effectively validate the true performance
of the VMR model without the influence of data and model
biases, we introduce the Dynamic Reverse Data Generation
module (moduleRDG) in the ReDis-VMR evaluation set-
ting. Subsequently, we propose Dynamic Expandable Ad-
justment, enhancing the model’s utilization of video and
text representations. Finally, we introduce the learning ob-
jectives of DEA, including a fair loss designed to mitigate
the model’s exploitation of data distribution.

Dynamic Reverse Data Generation
To validate the true performance of the model, moduleRDG is
employed during the model training process to dynamically
generate temporal segments data with a reverse distribution,
derived from the original concentrated distribution. These
segments are then integrated into the test process.

To begin with, we train the model on the original dataset
until convergence and then make predictions on the train
set. The predictions of temporal segments are denoted as
X̂ = {x̂i | x̂i = (ŝi, êi), i = 1, 2, . . . , n}. This sequence
contains the concentrated distributed temporal segments pre-
dicted by this model design due to biases. To simplify the il-
lustration, all ŝi and êi are normalized to the range between
0 and 1. Based on this sequence, we can estimate a density
function of the model’s temporal segment data distribution
using a Gaussian kernel:

F (s, e) =
1

Nh2

l∑
i=1

l∑
j=i+1

wijK

(
s− i

l

h
,
e− j

l

h

)
, (7)

where K(s, e) is the Gaussian kernel function, defined as
K(s, e) = 1

2π exp(− s2+e2

2 ). l is the length of the video fea-
ture. wij represents the weight of the temporal segment can-
didate ( il ,

j
l ), and it is designed to prevent the subsequent

reverse distribution from generating too many long tempo-
ral segments, which are easy to achieve high IoU. We calcu-
late the weight of each temporal segment candidate by using
its sum of IoU with all temporal segments of the predicted
sequence:

wij =
n∑

i=1

IoU((ŝi, êi), (
i

l
,
j

l
)). (8)

Next, we need to derive its reverse density function for
generating new data. We achieve this by subtracting the
maximum probability density from the function and then di-
viding it by the integral within this region, yielding the nor-
malized density function, as shown in the formula:

G(s, e) = max
0≤t≤u≤1

F (t, u)− F (s, e), (9)

T (s, e) =
G(s, e)∫ 1

0

∫ e

0
G(s, e) ds de

. (10)

Finally, we obtain T (s, e), which is the probability den-
sity function. This density function T (s, e) represents the re-
verse distribution of F (s, e). Based on this probability den-
sity function, we can randomly sample temporal segments to
generate a new dataset. To generate new video features, we
simply adopt the mainstream approach (Zhang et al. 2020b,
2019; Cui et al. 2022; Zhang et al. 2020a) that uses the fixed
sampling to correct the video features. Specifically, we di-
vide the original video features into three segments based
on the generated start and end times. Then, we apply fixed
sampling to each segment to obtain new video features. The
original methods also performed fixed sampling on the orig-
inal video input. It is reasonable to assume that the model
can accept scaled video features.

Dynamic Expandable Adjustment
We have observed that many model designs tend to exploit
model bias to achieve better evaluation metrics, rather than
inferring temporal segments using essential video and text
representations. Therefore, in this section, we propose a Dy-
namic Expandable Adjustment pipeline that places greater
emphasis on video and text representations.

To achieve this, we deconstruct existing model structures.
We decompose existing models into two parts: a model
structure focused on fusion representations and a model
structure focused on temporal segment distribution. Thus,
we adopt a dynamically changing model structure, as illus-
trated in Figure 3. We define the model structure that fo-
cuses on representation as Φrold . During the training pro-
cess, when new data are generated, a new model structure
Φrnew is created for the model focusing on representation.
The model structure that emphasizes data distribution is de-
noted as Φd. We can formulate the traditional inference pro-
cess for the model as:

(s, e) = Φd(Φrold(V, T )). (11)
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Figure 3: The ReDis-VMR evaluation setting and the Dynamic Expandable Adjustment pipeline. After the training of the
model on the original dataset, the moduleRDG of ReDis-VMR generates a training dataset and a testing dataset with a reverse
distribution. During the training and testing processes on this reverse dataset, our proposed Dynamic Expandable Adjustment
involves adding and freezing operations to the existing model structure. Additionally, a fair loss is employed to make the model
insensitive to the dataset distribution.

After enhancing the model structure that emphasizes rep-
resentation, the inference process for the new model be-
comes:

(s, e) = Φd(W [Φrold(V, T ),Φrnew
(V, T )]), (12)

where W represents the weights of the constructed fully
connected layer. In the model training process, for the model
structure Φd to be overlooked, we do not generate a new
model structure and freeze Φd from updating parameters.
Thus, the impact of concentrated distribution on the overall
model is reduced.

Fair Loss
To further mitigate the model’s dependency on the concen-
trated distribution of temporal segments in predictions, we
employ the fair loss function Lfair. The fundamental idea be-
hind this loss function is to constrain the density function
of the model’s final predictions using a uniform distribution.
This loss function enhances the diversity of the model’s pre-
diction results. We utilize the KL divergence to impose con-
straints on the two density functions, as shown in the for-
mula:

Lfair(P ||U) =
∑
s,e

P (s, e) log

(
P (s, e)

U(s, e)

)
, (13)

where P (s, e) represents the confidence predicted by the
model, and U(s, e) denotes the uniform distribution under

the model’s design. However, as analyzed in Section , the
definitions of P (s, e) and U(s, e) should be tailored dif-
ferently for various model designs. For instance, in regres-
sion models where the model directly and separately pre-
dicts start and end times, we need to transform the generated
temporal segments into density distributions. Therefore, the
formulas for P (s, e) and U(s, e) are:

P (s, e) = 1
2π exp(−∥s−s1∥2+∥e−e1∥2

2 ),
U(s, e) = 1∫ L

s

∫ s
0
dsde

, 0 ≤ s ≤ e ≤ L, (14)

where (s1, e1) represents the predicted temporal segment re-
sult, and L is the length of the video. In discrete candidate
set models (such as 2d-map and anchor models), assuming
the candidate set is (s1, e1), (s2, e2), . . . , (sn, en), we need
to normalize both P (s, e) and U(s, e) as distributions. Thus,
their formulas are:

P (s, e) = f̂(s,e)∑n
i=1 f̂(si,ei)

, 1 ≤ i ≤ n,

U(s, e) = 1
n , 1 ≤ i ≤ n,

(15)

where f̂(s, e) represents the confidence obtained by the
model for each candidate. Depending on the specific model
definitions of P (s, e) and U(s, e), we combine loss function
Lfair with the original model’s loss function Lbase. Taking
the candidate set approach’s binary cross entropy loss as an
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Evaluation Model Charades (Gao et al. 2017) ActivityNet (Krishna et al. 2017)
Bias Ratio R1@0.3 R1@0.5 R1@0.7 mIoU Bias Ratio R1@0.3 R1@0.5 R1@0.7 mIoU

Traditional VMR

ViGA
93.04

71.21 45.05 20.27 44.57
94.91

59.61 35.79 16.96 40.12
ViGA+DEA 71.53 45.35 20.99 44.68 59.70 37.34 17.95 40.50

Vslnet
84.77

64.30 47.31 30.19 45.15
78.80

55.32 39.24 24.05 41.27
Vslnet+DEA 67.04 48.76 30.22 46.88 57.61 41.02 25.71 42.04

Shuffle
63.58

66.34 50.55 34.26 46.81
88.49

60.56 44.58 27.52 44.28
Shuffle+DEA 70.22 55.28 36.62 51.04 60.92 45.53 28.21 45.18

Resplitting VMR

ViGA
82.15

64.92 41.22 21.21 42.42
81.25

41.72 24.85 10.96 29.86
ViGA+DEA 66.99 41.48 22.04 43.95 52.25 26.89 11.33 35.50

Vslnet
72.77

54.61 34.10 17.87 36.34
66.70

38.30 20.03 10.29 28.18
Vslnet+DEA 62.19 41.48 21.24 40.80 40.04 21.44 11.21 29.13

Shuffle
34.75

64.95 46.67 27.08 44.30
70.94

42.08 24.57 13.21 30.45
Shuffle+DEA 66.43 48.74 27.53 45.11 42.93 25.10 13.43 30.99

ReDis-VMR

ViGA
36.83

33.76 17.38 5.98 21.94
79.59

36.93 16.75 7.93 27.87
ViGA+DEA 44.56 26.28 10.95 29.61 40.97 22.41 10.55 29.66

Vslnet
50.78

35.20 8.94 3.55 26.76
62.21

37.59 20.83 6.77 25.58
Vslnet+DEA 48.76 30.58 17.45 35.13 41.85 25.59 14.00 31.02

Shuffle
31.52

42.14 25.85 11.76 27.81
53.98

42.30 26.18 12.69 31.84
Shuffle+DEA 59.85 43.40 25.48 41.66 52.35 36.30 20.72 37.09

Table 1: Performance comparison with existing methods under Traditional VMR, Resplitting VMR and ReDis-VMR settings.

example, it is represented as follows:

L = Lbase + λLfair,
Lbase =

1
n

∑n
i=1 y(si, ei) log f̂(si, ei)+

(1− y(si, ei)) log(1− f̂(si, ei)),
(16)

where λ is a hyper-parameter that controls the balance be-
tween Lbase and Lfair, balancing their contributions to the
overall loss , and y(si, ei) represents the IoU value between
the ith candidate set and the ground truth.

Experiments
Expertment Settings
Datasets. Charades-STA (Gao et al. 2017): The collec-
tion comprises daily indoor activity videos, sourced from the
Charades dataset, totaling 6, 672 videos with 16, 128 anno-
tations and 11, 767 moments.
ActivityNet Captions (Krishna et al. 2017): With 20, 000
videos spanning various fields, this dataset contains an av-
erage of 3.65 temporally localized sentences per video.

Evaluation Metrics. We utilize the evaluation metrics
“Rn@m” proposed in (Gao et al. 2017). “Rn” signifies the
top-n retrieved moment results, while “m” denotes that the
Intersection over Union (IoU) threshold is set to m. When
combined, “Rn@m” indicates the percentage of queries
with at least one result having an IoU greater than m among
the top-n results. Additionally, “mIoU” represents the aver-
age IoU of all top-1 retrieved results. Additionally, we utilize
the proposed bias ratio to quantify the residual bias.

Comparison Results
Table 1 compares the bias ratios of Traditional VMR,
Resplitting VMR, and ReDis-VMR across three models:
ViGA (Cui et al. 2022), Vslnet (Zhang et al. 2020a) and
Shuffle (Hao et al. 2022). It also shows the IoU performance
of models with and without DEA across three baselines.
Compared to the four settings used by (Yang et al. 2021)
and (Ji et al. 2023), we employed nine different settings,

which sufficiently validate the generalization and effective-
ness of our DEA. The lowest bias ratio and the best IoU
performance are highlighted in bold. The the best IoU per-
formances under lowest bias ratio is underlined. Based on
these results, we have made the following observations: (1)
Our proposed ReDis-VMR achieves state-of-the-art bias ra-
tios, indicating its strongest capability in bias elimination.
Both Traditional VMR and Resplitting VMR exhibit high
bias ratios across all three models, demonstrating that the
phenomenon of obtaining correct results while disregarding
video input is prevalent in these methods. (2) Among the
three methods, ViGA shows the greatest reduction in bias
ratio. This is primarily because the candidate set distribu-
tion designed by ViGA is very similar to the test set distri-
bution, resulting in high model bias and allowing ViGA to
achieve high metrics even without video input. ReDis-VMR
effectively counteracts this issue, providing a more accurate
assessment of model performance. Comparatively, the bias
ratio for the Charades dataset decreases more significantly
than that for the ActivityNet dataset, indicating that the data
bias in Charades is greater than in ActivityNet. (3) In the
comparison between models with and without DEA, config-
urations with DEA consistently achieve better results across
three validation methods, two datasets, and three models.
The improvement brought by DEA is more pronounced with
lower bias ratios, demonstrating that DEA effectively uti-
lizes video input to predict temporal segments rather than
relying on bias to achieve misleading performance.

Ablation Study
In this section, we conducted ablation experiments on com-
ponents of DEA. Table 2 present the ablation studies on Cha-
rades and ActivityNet datasets, respectively. In these tables,
“dynamic,” “replay,” and “fair” represent dynamic model
structure, replay mechanism, and fair loss function, respec-
tively. We observed that when using only one component,
dynamic model structure achieved significant improvements
over the baseline on both datasets. However, when increas-
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Variants Charades-STA
dynamic replay fair R1@0.3 R1@0.5 R1@0.7 mIoU

33.76 17.38 5.98 21.94√
34.23 16.71 5.78 21.94

√
44.26 25.44 10.99 28.87

√ √
45.71 25.44 10.23 29.40

√ √
44.64 25.55 10.93 28.89

√ √ √
44.56 26.28 10.95 29.61

Variants ActivityNet Captions
dynamic replay fair R1@0.3 R1@0.5 R1@0.7 mIoU

36.93 16.75 7.93 27.87√
37.58 20.07 8.28 26.82

√
40.81 21.28 9.37 29.34

√ √
40.93 21.90 9.89 29.59

√ √
40.83 21.18 9.48 29.33

√ √ √
40.97 22.41 10.55 29.66

Table 2: The ablation studies of our ViGA+DEA based on
Charades-STA and ActivityNet Captions.

(a) Test set (b) Predictions (c) F (s, e) (d) Generated

Figure 4: Effectiveness Evaluation of the moduleRDG under
the ViGA on the Charades dataset.

Figure 5: Effectiveness Evaluation of the Fair Loss under
the ViGA baseline on the Charades dataset. The blue line
represents mIoU, and the green line represents R1@0.5.

ing the number of components to two, improvements were
consistently observed across all combinations. This demon-
strates the robustness of our pipeline, as minor modifications
did not lead to significant accuracy losses.

Effectiveness of moduleRDG. To validate the effective-
ness of the moduleRDG, we conducted an analysis of the
generation process under the ViGA baseline on the Cha-
rades dataset. Figure 4(a) illustrates the distribution of the
Charades test set. Figure 4(b) shows the distribution of
model’s predictions. Figure 4(c) represents the F (s, e) func-
tion obtained through Gaussian kernel density estimation.
Figure 4(d) represents the distribution of generated reverse
distributed data. These results demonstrate that the design
of our moduleRDG effectively mitigates the impact of biases
that may mislead the model into obtaining favorable results.

Effectiveness of Fair Loss. Figure 5 illustrates the vari-
ation of mIoU with respect to λ. It can be observed that

Video: T42A2   
Query: person walking across the room
to open a cabinet door.

GT 
ViGA
DEA

ReDis-VMR

F(s, e)

T(s, e)

23.16s 29.80s
19.27s 32.00s

17.96s 30.69s

Traditional VMR  

GT 
ViGA
DEA

16.75s 29.50s
1.25s 14.00s

1.26s 20.41s

Figure 6: Case study of DEA on the original and generated
test split of Charades-STA dataset. Our DEA exhibits good
performance even in reverse data.

Evaluation Model Bias Ratio R1@0.5 Model Bias Ratio R1@0.5

Traditional CLIP
88.55

75.65 DETR
73.38

54.84
DEA 77.72 DEA 58.02

ReDis CLIP 57.22 44.56 DETR 63.95 34.73
DEA 47.41 DEA 37.26

Table 3: Performance comparison on CLIP-based method
with HiREST dataset (Zala et al. 2023) and DETR with
QVHighlight dataset (Lei, Berg, and Bansal 2021)

when λ is between 0.001 and 1, the obtained mIoU eval-
uation metrics are better than when λ is 0. This indicates
that the loss function can effectively reduce the impact of
concentration distribution, enabling it to achieve good eval-
uation metrics in the ReDis-VMR setting. Additionally, we
found that when λ is 1, the model achieves the best evalua-
tion metrics.

Conclusion
In this paper, we have introduced an effective approach to
addressing bias in VMR by providing a comprehensive def-
inition that includes both data bias and model bias. We em-
phasize the importance of mitigating these biases and pro-
pose evaluation metrics for their quantification. Our pro-
posed ReDis-VMR evaluation method effectively eliminates
both biases, enabling an unbiased evaluation of model per-
formance. Additionally, we present the DEA, which en-
hances the model’s focus on video and text features while
minimizing the impact of concentrated data distributions
through a fair loss. Experimental results demonstrate that
our ReDis-VMR method sets a new state-of-the-art in bias
elimination, and our DEA framework shows robust general-
izability across multiple settings. In the future, we will con-
tinue to explore more effective methods for eliminating bias
in VMR, with the goal of achieving a more accurate assess-
ment of a model’s video understanding capabilities.
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