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Abstract
Many studies focus on improving pretraining or developing new backbones in text-

video retrieval. However, existing methods may suffer from the learning and inference
bias issue, as recent research suggests in other text-video-related tasks. For instance,
spatial appearance features on action recognition or temporal object co-occurrences on
video scene graph generation could induce spurious correlations. In this work, we present
a unique and systematic study of a temporal bias due to frame length discrepancy between
training and test sets of trimmed video clips, which is the first such attempt for a text-
video retrieval task, to the best of our knowledge. We first hypothesise and verify the
bias on how it would affect the model illustrated with a baseline study. Then, we propose
a causal debiasing approach and perform extensive experiments and ablation studies on
the Epic-Kitchens-100, YouCook2, and MSR-VTT datasets. Our model overpasses the
baseline and SOTA on nDCG, a semantic-relevancy-focused evaluation metric which
proves the bias is mitigated, as well as on the other conventional metrics.1

1 Introduction
In text-video retrieval, nowadays, the state-of-the-art models [9, 19, 26, 27, 28, 44] can
achieve promising performance on famous benchmarks [25, 35, 46]. However, recent stud-
ies [29, 31, 39, 40] demonstrate that many existing visual-text models are overly affected by
superficial correlations. For instance, some works [2, 11, 15] address the static appearance
bias for action recognition. While [3] focuses on object co-occurrences that bring spurious
correlations specifically in the spatial domain, [23, 37] examine the same topic in the tem-
poral domain. Some other works reveal the correlation between the start-end time of the
actions and the actions themselves in untrimmed videos on video moment retrieval [39, 40]
and temporal sentence grounding [18, 42] tasks. Unlike these studies, we focus on a tem-
poral bias that has yet to be addressed in text-video-related tasks. Frame length discrepancy
between training and test sets of trimmed video clips causes non-relevant retrieved items.
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(a)An illustration. (b) Caption of the class: ’pick up rubbish’.
Figure 1: a) Motion semantics may differ between long and short video clips when the frames
are uniformly sampled. If it is unbalanced between training/test sets, this may introduce
frame length bias. b) AFLC denotes the average frame length of a class, meaning <verb,
noun> pairs (classes) which affect the retrieved clips. We propose a novel causal intervention
method to remove this spurious correlation.

For example, in the case of text-to-video retrieval, as shown in Figure 1, the top twenty
retrieved clips’ average frame length is similar to the training class’s average frame length,
stating that some irrelevant clips are retrieved just because of the bias coming from the
discrepancy. We refer to ’class’ as a joint combination of ’verb class’ and ’noun class’
by considering the verb and noun tokens together. Some classes can be semantically similar.
For instance, ’take’ and ’pick up’ would be in the same verb class. Thus, we use the notion
of class to calculate a matrix, measuring semantic relevancy among verbs and nouns. In
addition, we utilise it to identify the biases in Figure 2, showing the discrepancy. Only a
recent work [41] closer to our approach attempts to mitigate video duration bias in watch-
time prediction for video recommendation. However, the proposed model uses the video
duration as textual input and does not consider any visual feature via any visual sampling
method. They apply causal inference based on video duration while the discrepancy in the
video duration is not considered, and it is followed by a pre-text task of watch-time prediction
to increase the effect.

(a) Epic-Kitchens-100 (b) YouCook2
Figure 2: The figures show the discrepancy among all the <verb, noun> pairs (classes) in
each dataset, which is calculated by the average frame length difference between the training
and test sets. The number of pairs in the X-axis is 1,144 and 125, respectively. See the
Supplementary Material for more details regarding verifying the bias in the three datasets.

To address overlooked frame length bias in text-video retrieval, we first apply baseline
debiasing methods, which delete either the shortest or longest video clips in a class to re-
duce the discrepancy between train and test sets. However, the effect is limited. Then, we
intervene in the causal graph to remove the frame length’s unwanted impact by applying
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the backdoor adjustment principle [24]. Specifically, we divide the training data into splits
regarding frame length; for each split, we learn a similarity matrix using the same text-
video retrieval model. Then, we sum the similarity matrices. Note that we also consider the
discrepancy within the splits regarding frame length to increase the debiasing effect. The
contributions of this paper are threefold: i) To the best of our knowledge, we are the first to
address a temporal bias in text-video retrieval tasks and also the first to address frame length
bias in any text-video-related tasks. We verify the bias illustrated with various methods.
ii) We propose a causal inference approach via backdoor adjustment to mitigate the frame
length bias. iii) The experiments and ablation study verify the advantages of the proposed
approach over the baseline and SOTA studies by evaluating retrieved clips semantically via
Discounted Cumulative Gain (nDCG) as well as Recall and mAP.

2 Related Work
Text-Video Retrieval. In text-video retrieval, which aims to rank samples in a modality
given another modality, deep learning-based approaches have emerged as promising tech-
niques due to their ability to learn high-level features directly from the data. One popular
method is to encode text and video features into a common space [20, 21, 22], where the
similarity can be measured using various distance metrics. Another approach is to utilise
the semantic relationships between text and video features [5, 7, 26]. For instance, Chen
et al. [5] use semantic role labelling to capture the relationship between verbs and nouns
in text and actions and objects in videos. Besides, Falcon et al. [7] implements a positive
and negative sampling strategy based on semantic similarities between verb and noun pairs.
Recent models based on visual transformers have shown promising results with the help of
pre-training on giant datasets [21]. For example, Bain et al. [1] use raw video frames rather
than extracted features and apply attention mechanisms for pre-training on various exocen-
tric video datasets. On top of this work, Lin et al. [17] pre-train the modified model on
an enormous egocentric dataset curated from Ego4D [10]. Nevertheless, further research is
needed to address existing biases in the task.

Biases in Video-Language. Recent studies have highlighted the presence of biases in
video-language tasks, which can affect the performance of models since the models can
rely on spurious correlations in the data rather than genuine causal relationships. For in-
stance, temporal [37, 40] and spatial [2, 3, 11, 15] biases may arise due to the nature of the
data collection process, where certain activities or scenes may be over-represented or under-
represented [31, 39, 42]. In addition, certain words or phrases may be over-represented in
the captions, leading to a bias towards those concepts [18, 23]. However, various biases are
overlooked, and it is crucial to understand the sources of these biases. In this respect, we
address the frame length bias.

3 Method

3.1 Base Model
Given its state-of-the-art performance, we follow Chen et al. [5] for the baseline work. The
model contains two encoders, one for text and, one for video, and a text-video matching part.

Textual Encoding. We disentangle the textual features hierarchically by utilising a pre-
existing semantic role labelling tool [30] to comply with disentangled video features. For
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example, whereas a sentence could define global features, local features are represented
by words that refer to actions and entities. We establish the connection between actions
and entities as ri j, where i denotes action nodes and j denotes entity nodes. Subsequently,
the semantic role matrix Wr, which is designed to accommodate various semantic roles, is
multiplied with initialised node embeddings g0

i = gi⊙Wrri j such that gi ε {ge, ga, go}. The
one-hot vector ri j indicates the edge type from node i to node j, while ⊙ signifies element-
wise multiplication. Then, a graph-attention network is employed to process adjacent nodes.
Wt matrix, which is utilised for all relationship varieties, exploits attended nodes, as shown
in Eq. 1. When attention is applied to each node, the result is referred to as β . Once these
formulas are applied, we obtain the textual representation for global and local features ci ε

{ce, ca, co}; for sentence node, verbs, and words, respectively.

gl+1
i = gl

i +W l+1
t ∑

jεNi

βi j(gl
j) (1)

Video Encoding. Disentangling videos into hierarchical features can be challenging,
although it is comparatively simple to parse language queries into hierarchical features. To
this end, we employ three distinct video embeddings that concentrate on various levels of
video aspects. Given a video, denoted as V, represented as a sequence of frame-wise features
∑

M
i=1 fi { f1, ..., fM}, we apply different weights to generate embeddings for three different

levels, which are then incorporated with a soft attention mechanism.

vx,i =
M

∑
i=1

W v
x fi, x ε{e,a,o} (2)

Text-Video Matching. The matching score is computed by averaging the cosine sim-
ilarity with the video and textual embeddings. We use the contrastive ranking loss [4] by
attempting to have positive and negative pairs larger than a predetermined margin in train-
ing. Suppose v and c symbolise visual and textual representations; positive and negative pairs
can be formulated as (vp,cp) and (vp,cn) / (vn,cp), respectively. A pre-set margin named
Delta is used to determine contrastive loss.

s(V,C) =
3

∑
i=1

< vi,ci >

||vi||2||ci||2
(3)

L(vp,cp) = [∆+ s(vp,cn)− s(vp,cp)]+ [∆+ s(vn,cp)− s(vp,cp)] (4)

3.2 Baseline Debiasing Method

Algorithm 1 Delete the shortest clips. For each class in the common class set:
1: V ← videos in ascending order based on the frame length
2: x← avg frame length of class for the training set & y← avg frame length of class for the test set
3: while y≥ x+δ do
4: Delete the first clip v0 from the training set
5: if len(V) ≤ α then
6: break;
7: end if
8: end while

We can naively remove this bias by following two methods. In the first method, RmvOne,
we delete the shortest and longest class samples so that the training set’s average frame length
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becomes similar to the test set for only one class. Note that the class notion refers to <verb,
noun> pairs to group the captions semantically. However, this method does not affect the
evaluation metrics, but only a few samples. Thus, another simple method, RmvAll, can be
suggested. We do the same as in RmvOne, but considering all classes such that the high
discrepancy will be reduced in the whole dataset to a pre-set margin δ . We set the minimum
number of video clips of a class in training as α so that there are enough samples for each
class. It aims to reduce discrepancies between training and test sets for the same classes.
Specifically, Algorithm 1 presents the way if the average test set is higher than the average
train set and removes the shortest clips. The same logic applies when the situation is the
opposite, which deletes the longest clips.

3.3 Method with Causal Intervention

Many works use extracted features that are uniformly sampled in order to remove the effect
of frame length. However, these features may still contain bias due to the sparsity or density
of the sampled frames, as shown in Figure 1. Thus, the model learns that action should
be dense or sparse rather than motion semantics. The ideal case would be to have all the
video clips at the same length. It is not just impractical but would also not reflect real-
world applications. For example, while some actions take more time, others take less time
intrinsically. Thus, while we need to keep this natural connection, we should remove the
spurious correlation on video features that would occur because of the discrepancy in terms
of frame length. Figure 3 shows our structural causal model (SCM) to illustrate how our
model works. V, Q, Y and L denote video representation, textual representation, text-video
matching and frame length, respectively. The link from (V, Q) to Y is for capturing the
similarity between the textual and visual features. The link from L to Y signifies the frame
length effect on similarity, suggesting that while some actions can take less time, others
would take more time. Moreover, the link from L to V implies that frame length would affect
the video encoder such that various videos could be retrieved not because of their semantic
similarity to the query but instead of their frame length. If this bias is not addressed, densely
sampled video features would be memorised in case the training set contains mostly shorter
clips than the testing set.

Figure 3: Structural causal model.

Figure 4 shows the implementation of two splits for a dataset based on the frame length.
As a high-level idea, we follow the principle of backdoor adjustment to remove bias by split-
ting the dataset based on frame length. We formalise our causal method in Formula 5 by
using the law of iterated expectations. Note that L becomes independent via interventions.
As shown in the last row of the formula, the final estimation can be created by individu-
ally estimating P(L) and E[Y |V,Q,L] and then combining those estimates. We divide the
training samples into M equal portions based on frame length to cut off the link, discretising
the P(L) distribution into separate components. These frame length groups are denoted by
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Figure 4: The implementation of the causal model for training. Similarity matrices are
constructed using the same retrieval model on different splits that are arranged with a causal
perspective to mitigate frame length bias. Then, they are summed up. No change is needed
for the inference.

{Lk}M
k=1. We estimate the deconfounded model via this approximation. Note that fk(v,q) is

the similarity score for each frame length group Lk.

E[Y |do(V,Q)] = ∑
l

P(L = l|V,Q)E[Y |V,Q,L = l]

= ∑
l

P(L = l)E[Y |V,Q,L = l]

≈
M

∑
k=1

(Lk)E[Y |V,Q,L ∈ Lk]

≜
M

∑
k=1

(Lk) fk{V,Q}

(5)

4 Experiments
Datasets. We use three datasets for our experiments. i) Epic-Kitchens-100 (EK-100) [6], a
collection of unscripted egocentric action data gathered worldwide using wearable cameras.
The annotated videos display diverse daily kitchen activities, accompanied by captions pro-
vided by human annotators that include at least one verb and one or more nouns. The dataset
comprises 67,217 training and 9,668 test set pairs. ii) YouCook2 [45, 46], which is from
cooking-related videos via third-person viewpoint collected from YouTube with 89 different
recipes. The video clips are recorded from a third-person viewpoint within diverse kitchen
settings. Imperative English sentences and temporal boundaries referencing the actions are
used to label the video clips, and human annotators are used. There are 10,337 pairs in
the training set and 3,492 pairs in the test set. iii) MSR-VTT dataset [36] comprises 10,000
video clips with 20 descriptions for each video, a combination of human annotation and a
commercial video search engine. The dataset offers several train/test splits, with one of the
most popular ones being the 1k-A split, consisting of 9,000 clips for training and 1,000 clips
for testing. The full split, which consists of 6,513 video clips for training, 2,990 video clips
for testing, and 497 video clips for validation, is another often-used split.

Implementation details. We use the video features that TBN [14] has extracted for
Epic-Kitchens-100. Each video clip included RGB, flow, and audio features. Note that we
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use the frame itself rather than using extracted features for replicating a sota work, EgoVLP.
We utilise S3D features from Li et al. [16] pretrained on HowTo100M[21] for YouCook2.
Since the test set is not made available to the public, we feed our model with the validation
dataset for evaluation in accordance with other studies. For MSR-VTT, appearance level
features of the ResNet-152 model provided by Chen et al. [4] are implemented. The epoch
is chosen as 100 for all. ∆ is determined as 0.2 by following the baseline model. δ and α are
chosen as 10 and 60fps, respectively, for our baseline debiasing method. For SOTA methods
RAN and RANP, negative and positive sampling thresholds are selected as 0.75 and 0.20,
respectively. We report the best results out of three repetitions.

Evaluation metrics. We use the nDCG [12] by considering non-binary similarity to
show how the bias affects various retrieved video clips and how the causal model mitigates
the bias. Given a caption query qi and a ranked list of video clips Xr, it [32] is defined as
nDCG(qi,Xr) =

DCG(qi,Xr)
IDCG(qi,Xr)

. Then, DCG is calculated as DCG(qi,Xr) = ∑
Nr
j=1

R(qi,x j)

log2( j+1) , and
the ranking list only considers the first Nr items, while x j is the j-th item in the list Xr.
IDCG is calculated via nDCG and is the ideal case where Xr is ordered by relevance. R, the
relevancy matrix, is between 0 and 1 and represents the mean Intersection over Union (IoU)
for the verb and noun classes. We follow [6] to define the R matrix as between a caption
qi and a video x j by averaging the IoU of verb and noun classes. While qv

i refers to the
collection of verb classes in the caption, xN

k denotes the set of noun classes in the video clip.

R(qi,x j) =
1
2

(
|qv

i ∩ xv
j|

|qV
i ∪ xv

j|
+
|qN

i ∩ xN
j |

|qN
i ∩ xN

j |

)
(6)

By using the same logic, nDCG is defined for a query video xi and a set of captions Cr.
We follow the scripts provided by [32] to create the relevancy matrices for the datasets. We
utilise the mean average precision (mAP) and Recall (R@k) for a fair comparison.

4.1 Results
Quantitative Results. The first baseline debiasing method, RmvOne, is impractical to re-
peat for all video classes, although it works for many examples. Table 1 shows a result on
the following baseline debiasing method, RmvAll, for Epic-Kitchens-100. Specifically, we
delete 2,392 clips from 164 classes, equivalent to 3.6% of all the data, applying Algorithm
1. It reaches marginally higher results on nDCG, even though it uses fewer data for training.
Considering that we lose some information for many classes, such as diverse and complex
visual cues, it is reasonable not to see a sharp increase by this naive method. We also com-
pare it to the model that randomly deletes the same amount of video clips called RmvRand,
showing that knowing which clips to remove is essential. Although the ensemble approach
overpasses the baseline, it is still lower than our method. Besides, its training takes three
times more than ours; more importantly, its nDCG score is much lower than our approach,
showing that the ensemble method does not address the bias as much as our causal model.

Tables 1-3 show the results of the causal method when M is chosen as 2. Specifically, the
dataset is divided into two splits based on the frame length by considering the distribution of
the dataset. Rather than having equal splits, we make one split that has more video clips than
the other to have less discrepancy within the splits in terms of frame length. We choose the
mean length of the test set as a threshold for splitting. Considering the baseline comparison,
the average scores for nDCG increase by more than 2 points in each dataset. We see a
similar trend for Recall and mAP metrics. A reasonable increase is observed when we apply
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our method to SOTA methods. Since these methods implement a specific scheme for positive
and negative sampling, they force fewer pairs to match anchor samples when the dataset is
split, which may limit the increase. Note that ’T2V’ refers to text-to-video, and ’V2T’ refers
to video-to-text. Refer to the Supplementary Material to see the results of the causal method
on the MSR-VTT’s full split and more detail on baseline debiasing experiments.

Method nDCG mAP
V2T T2V AVG V2T T2V AVG

Epic-Kitchens-100
Baseline 39.40 38.91 39.15 40.47 36.60 38.54

Baseline +
RmvRand 39.69 38.42 39.06 40.37 35.7 38.04

Baseline +
RmvAll 40.06 38.82 39.44 41.01 36.34 38.67

Baseline +
Ensemble 40.38 39.15 39.76 43.17 38.80 40.98

Baseline +
Ours

42.73
(+3.33)

40.61
(+1.70)

41.67
(+2.52)

45.36
(+4.89)

37.80
(+1.20)

41.58
(+3.04)

Table 1: Baseline comparison on text-video
retrieval for Epic-Kitchens-100.

Method nDCG (AVG) mAP (AVG)
Epic-Kitchens-100

RAN 41.06 39.46
RAN +
Ours

41.84
(+0.78)

41.24
(+1.78)

RANP 43.14 43.77
RANP +

Ours
43.80

(+0.66)
44.12

(+0.35)

Table 2: SOTA comparison
on text-video retrieval for
Epic-Kitchens-100.

Method Recall (T2V) nDCG
R@1↑ R@5↑ R@10↑ MedR↓ MnR↓ Rsum↑ V2T↑ T2V↑ AVG↑

YouCook2
Baseline 13.17 36.31 50.74 10 66.47 100.23 49.42 49.70 49.56

Baseline +
Ours

14.60
(+1.43)

37.80
(+1.49)

51.58
(+0.84)

10
63.18
(-3.29)

103.98
(+3.75)

51.92
(+2.50)

51.39
(+1.69)

51.65
(+2.09)

RAN 13.29 36.37 50.40 10 64.85 100.06 50.17 50.35 50.26
RAN

+ Ours
14.92

(+1.63)
37.37

(+1.00)
50.86

(+0.46)
10

63.78
(-1.07)

103.15
(+3.09)

50.97
(+0.80)

51.25
(+0.90)

51.11
(+0.85)

RANP 13.63 35.65 50.32 10 64.34 99.60 50.49 50.19 50.34
RANP +

Ours
15.23

(+1.60)
37.60

(+1.95)
51.58

(+1.26)
10

61.34
(-3.00)

104.41
(+4.81)

51.53
(+1.08)

51.05
(+0.86)

51.29
(+0.95)

MSR-VTT 1kA Split
Baseline 20.76 47.29 59.92 6 41.10 127.97 59.77 60.84 60.30

Baseline +
Ours

24.64
(+3.88)

52.99
(+5.70)

66.09
(+6.17)

5
(-1)

26.26
(-14.84)

143.72
(+15.75)

62.67
(+2.90)

62.33
(+1.49)

62.50
(+2.20)

RAN 21.08 47.98 60.95 6 42.28 130.01 59.49 60.15 59.82
RAN

+ Ours
24.54

(+3.46)
53.50

(+5.52)
66.70

(+5.75)
5

(-1)
26.91

(-15.37)
144.74

(+14.73)
60.95

(+1.46)
61.86

(+1.71)
61.41

(+1.59)
RANP 21.14 47.72 60.32 6 41.66 129.18 59.94 60.55 60.25

RANP +
Ours

24.03
(+2.89)

53.24
(+5.52)

66.53
(+6.21)

5
(-1)

27.35
(-14.31)

143.81
(+14.63)

61.54
(+1.60)

61.58
(+1.03)

61.56
(+1.31)

Table 3: Baseline and SOTA comparison on text-video retrieval for YouCook2 and MSR-
VTT. The lower, the better for MedR and MnR metrics; the higher, the better for the rest.

Qualitative Results. Figure 5 shows qualitative examples, proving that the bias is mit-
igated. We utilise the nDCG metric, knowing that we cannot examine this by using only
Recall or mAP metrics due to their nature of binary similarity. Regarding text-to-video re-
trieval on the left side of the figure, the top retrieved video clips and the neighbour clips
become more relevant than the baseline in the first example. In the second example, the
top retrieved clip is already related to the query in the baseline model; however, the causal
model eliminates most of the unrelated clips and provides more relevant clips in total. The
third example’s query is complex, but our approach still outperforms the baseline. On the
right side, for video-to-text retrieval, queries are videos, and we retrieve the textual queries.
However, for simplicity, we report their corresponding captions. Darker colours refer to
higher relevancy. Please refer to the Supplementary Material for more analysis.
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Figure 5: Qualitative results for text-video retrieval. The semantic relevancy, calculated
based on nDCG, of the top 50 retrievals given a query from each dataset. The darker the
colour, the more relevant retrievals to the query, varying from 0 to 1. While the left side is
for T2V, the right side is for V2T. Best viewed in colour.

4.2 Analysis
Ablation Study. Table 4 examines three questions: i) How to split the dataset? When we
adjust the splits based on the frame length distribution of the dataset rather than dividing
them into two equal splits, we reach a higher result. Adjusted splits have higher entropy,
bringing better cooperation between splits. ii) Which split effects more? When the splits are
adjusted according to the frame length distribution, they share a similar score in nDCG, even
though the second split has fewer video clips. Also, the first split brings a higher score in
mAP/Recall, as expected. iii) How many splits do we need? The more splits we have, the
lower the scores we get. To have the adjusted splits when M > 2, we first put the videos in
ascending order according to the length of the frame, then divide them into two and continue
to divide the remainder until we reach enough splits for the experiments.

Method Epic-Kitchens-100 YouCook2 MSR-VTT
nDCG (avg)↑ mAP (avg)↑ nDCG (avg)↑ R@10↑ MnR↓ nDCG (avg)↑ R@10↑ MnR↓

Baseline 39.15 38.54 49.56 50.74 66.47 60.30 59.92 41.10
Baseline + Ours
(Equal 2 Splits) 41.19 41.07 51.01 51.15 66.22 62.18 66.98 26.65

Baseline + Ours
(Adjusted 2 Splits) 41.67 41.58 51.65 51.58 63.18 62.50 66.09 26.26

Baseline + Ours
(Adjusted 3 Splits) 41.06 39.48 51.45 49.28 68.94 62.48 64.56 30.54

Baseline + Ours
(Adjusted 4 Splits) 39.89 37.54 51.64 47.11 74.33 62.23 61.93 33.74

First Split Only
(Adjusted) 37.24 38.59 48.86 48.42 80.44 61.02 52.79 50.71

Second Split Only
(Adjusted) 38.00 34.07 50.48 36.77 115.87 59.75 53.72 50.17

Table 4: Ablation study for the causal method.

Computational Analysis. Table 5 presents the computational cost breakdown, imple-
mented by THOP library [47], on the YouCook2 dataset where the dimensions of video
embedding and batch size are 1024 and 64, respectively. Considering the causal method
reaches better results with two splits, we highlight two points: i) If it is used sequentially,
there is no need for extra resources compared to the baseline method. The advantage of the

Citation
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causal method is that run time takes 20% less for training. ii) If the splits are trained simul-
taneously, the run time can drop 50% by doubling parameters and GFLOPs in return. iii) We
get a similar trend in all parameters for EK-100 and MSR-VTT datasets. The only differ-
ence is that the parameters and GFLOPs are proportional to the dimension. For instance, the
visual feature dimensions in EK-100 and MSR-VTT are 2048 and 3072, respectively. Thus,
our approach provides a faster run time without extra resources and latency.

Text
Enc

Video
Enc

Run
Time (s)

Parameter
(M) 10.25 3.15 Baseline 35

GFLOPs
(per clip) 11.93 4.03

Causal
(Split1/Split2) 18 / 10

Table 5: Computational cost breakdown
on YouCook2 dataset.

Method nDCG (avg) mAP (avg)
Epic-Kitchens-100

Baseline 38.12 39.79
w/o audio 36.55 37.77
w/o spatial 36.63 35.63

w/o temporal 32.56 32.50

Table 6: Comparison between
spatial and temporal features.

Spatial vs Temporal features. Table 6 shows the importance of temporal features in the
Epic-Kitchens-100 dataset such that removing them affects the result drastically. While we
specifically focus on an overlooked temporal bias in this study, we note that biases in both
domains should be addressed in the ideal case even though no study has achieved it yet.

The models’ effect on transformer-based models. Noting that our approach is model-
agnostic, Table 7 shows the results of its implementation to transformer-based models. While
limited computation resources led our model not to converge on the EgoVLP experiment,
other modalities may affect our approach to the MMT experiment. Either way, we notice
that the method’s effect becomes limited on transformer-based models, and we share our
related assertions in the Supplementary Material which could be related to the spatial biases.

Epic-Kitchens-100 YouCook2 MSR-VTT
Method AVG Method AVG Method AVG

EgoVLP [17] 12.53 TACo [38] 53.53 MMT [8] 63.79
EgoVLP + Ours 13.06 TACo + Ours 54.03 MMT + Ours 63.94

Table 7: Comparison with transformer-based models on text-video retrieval on nDCG metric.

5 Conclusion
To the best of our knowledge, this is the first attempt to study the effect of a temporal bias
caused by a frame length mismatch between training and test sets of trimmed video clips
and show improvement with debiasing on the text-video retrieval task. We then discuss
detailed experiments and ablation studies using our causal approach on the Epic-Kitchens-
100, YouCook2 and MSR-VTT datasets. Benchmark using the nDCG metric demonstrates
that the bias has been reduced. We reckon the following limitations for future works: i)
Long video clips may contain ambiguity, including various actions irrelevant to the annotated
action. ii) Other temporal biases may still affect the model, e.g. the order of the actions.
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