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Abstract

Partially Relevant Video Retrieval (PRVR) aims to retrieve
a video where a specific segment is relevant to a given text
query. Typical training processes of PRVR assume a one-to-
one relationship where each text query is relevant to only
one video. However, we point out the inherent ambiguity
between text and video content based on their conceptual
scope and propose a framework that incorporates this ambi-
guity into the model learning process. Specifically, we pro-
pose Ambiguity-Restrained representation Learning (ARL)
to address ambiguous text-video pairs. Initially, ARL detects
ambiguous pairs based on two criteria: uncertainty and simi-
larity. Uncertainty represents whether instances include com-
monly shared context across the dataset, while similarity in-
dicates pair-wise semantic overlap. Then, with the detected
ambiguous pairs, our ARL hierarchically learns the semantic
relationship via multi-positive contrastive learning and dual
triplet margin loss. Additionally, we delve into fine-grained
relationships within the video instances. Unlike typical train-
ing at the text-video level, where pairwise information is pro-
vided, we address the inherent ambiguity within frames of the
same untrimmed video, which often contains multiple con-
texts. This allows us to further enhance learning at the text-
frame level. Lastly, we propose cross-model ambiguity detec-
tion to mitigate the error propagation that occurs when a sin-
gle model is employed to detect ambiguous pairs for its train-
ing. With all components combined, our proposed method
demonstrates its effectiveness in PRVR.

Introduction

With societal advancements, the use of video media for in-
formation dissemination has become widespread. Conse-
quently, the field of Text-to-Video Retrieval (T2VR), which
allows users to find desired videos using text queries, has
also been spotlighted. However, existing T2VR approaches
often assume that videos contain only the relevant parts
to the text query. This assumption does not align with
real-world scenarios, where videos can vary in length and
context. To address this issue, partially relevant video re-
trieval (PRVR) (Dong et al. 2022) is proposed to deal with
untrimmed videos where only specific video segments cor-
respond to the text query.
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Figure 1: The illustration of ambiguous relationships be-
tween text-video pair. For the text query, ‘Sheldon sits down
in his spot on the couch.’, all three untrimmed videos contain
relevant scenes. However, only video (a) is learned as posi-
tive, while videos (b) and (c) are typically treated as negative
in prior techniques. Such ambiguous relationships between
text and video are more likely to occur with untrimmed
videos that often include diverse contexts.

MS-SL (Dong et al. 2022) initially modeled multi-scale
video features to prepare for various contexts that a text
query might encompass. GMMFormer (Wang et al. 2024),
on the other hand, critiqued the exhaustive multi-scale clip
modeling of MS-SL for its inefficiency and proposed to
use Gaussian attention to encode only the local contexts.
Although these methods have made significant progress in
PRVR, the obscurity in labeling text-video pairs is a yet-to-
be-explored problem.

Typically, text and video instances are labeled pair-wise
due to the high costs of exploring relationships between all
text and video instances. This has led previous works to
learn only the paired instance as positive relations, treating
all others as negative, even when similar video-text pairs are
present. However, we argue that pair-wisely labeled retrieval
datasets often introduce ambiguity between text-video in-
stances. For example, as illustrated in Fig. 1, while the text
query is clearly partially relevant to the paired video at the
top, it is also relevant to other video instances in the dataset.



In this regard, we propose Ambiguity-Restrained rep-
resentation Learning (ARL), a framework that detects in-
stances in ambiguous relations with the model’s online (per-
epoch) knowledge. These ambiguities are taken into account
in the objectives to reduce fallible supervision which can
arise when all unpaired pairs are treated as having a nega-
tive relationship. To determine ambiguous relationships, we
use uncertainty and similarity measures, as shown in Fig.2.
Simply put, we define the text-video pairs in ambiguous re-
lations if they exhibit high uncertainty and high pair-wise
similarity, indicating that the pair cannot be simply defined
as negative since they possess commonly shared semantics
throughout the dataset and their resemblance to each other.
Our proposed ARL includes these identified ambiguous re-
lationships in training. Particularly, we grant the model the
flexibility in treating instances with ambiguous relationships
by relaxing the constraints while positive and negative re-
lationships are learned in conventional ways. Beyond the
text-video relationships, we further explore text-frame rela-
tionships with ambiguity-aware objectives since untrimmed
videos often encompass multiple contexts. Lastly, we em-
ploy cross-model ambiguity detection to mitigate the risk of
error propagation in detecting ambiguous relationships that
might occur when a model predicts and uses its prediction
for training.

Our main contributions are: (1) We propose ambiguity-
restrained representation learning (ARL), the first approach
to address label ambiguity in PRVR. By modeling the re-
lationships between instances, ARL mitigates the impact
of learning uncertain relationships. (2) We extend ARL
to the text-frame level to account for multiple contexts in
untrimmed videos, enhancing the effective utilization of all
frames during learning. (3) We introduce cross-model ambi-
guity detection to avoid learning erroneously detected am-
biguity repeatedly. (4) We achieves state-of-the-art perfor-
mance on two datasets, i.e., TVR and ActivityNet.

Related Works
Text-to-Video Retrieval

Text-to-video retrieval (T2VR) aims to realize the metadata-
free searching paradigm by aligning video contexts and text
descriptions. To benefit from the vision-language aligned
model, the CLIP model pretrained on large-scale text-image
pairs is popularly employed as the initial learning point.
Subsequently, tackling the mismatch between the amount of
information in videos and texts, several works have focused
on designing base units for feature matching (Gorti et al.
2022; Lin et al. 2022), e.g., frame-word (Wang et al. 2022)
and frame-sentence (Jin et al. 2023; Wu et al. 2023).
Uncertainty in the scope of contexts has been discussed
in the literature of T2VR. Particularly, there have been ap-
proaches (Fang et al. 2023; Li et al. 2024; Song and So-
leymani 2019) to tackle the uncertainty. PVSE (Song and
Soleymani 2019) and UATVR (Fang et al. 2023) extracted
multi-faceted representations of text-video pairs. PAU (Li
et al. 2024) addressed the aleatoric uncertainty inherent in
text-video data by ensuring the consistency between differ-
ent uncertainty measures. Our study shares a common high-
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Figure 2: Illustration for ambiguous pair detection. To iden-
tify ambiguous text-video pairs, we use two key metrics: un-
certainty and similarity. Uncertainty for each text and video
instance is calculated by measuring the average similarity
across different modalities. This reflects the degree of con-
textual overlap within the dataset. Similarity is determined
by the maximum similarity between the text and frames
from the untrimmed video. We define a pair as having an
ambiguous relationship when both uncertainty and similar-
ity are high, exhibiting the commonly shared context in the
dataset and between the pair.

level concept of tackling uncertainty in text-video data. Yet,
our work differs in that the key focus is to explore ambigu-
ous relationships among all text-video pairs.

Partially Relevant Video Retrieval

Beyond the scenario of T2VR, PRVR further targets the
fine-grained capability of search engines to retrieve videos
even when only the partial context corresponds to the given
text queries. To address PRVR, typical approaches are to
clip the videos into multiple segments. MS-SL (Dong et al.
2022) exhaustively constructed clips of varying lengths and
performed similarity matching to the text query. GMM-
Former (Wang et al. 2024) implemented the feature of lo-
cality in forming clip representations by applying normally
distributed weights in the attention layers.

On the other hand, our work has a key focus on detecting
the ambiguous relationships between text-video instances
caused by one-to-one labeling in video retrieval datasets.

Noisy Label Learning

Learning with noisy labels has been spotlighted due to its
practical applications (Han et al. 2018; Li, Socher, and Hoi
2020; Azadi et al. 2015; Wang et al. 2019). Uncertainty es-
timation and the co-training frameworks are the other popu-
lar streams. Uncertainty is often utilized to detect noisy la-
bels (Neverova, Novotny, and Vedaldi 2019; Ju et al. 2022;
Northcutt, Jiang, and Chuang 2021; Zheng and Yang 2021)
where co-training frameworks are shown to be effective in
refining the noisy labels (Han et al. 2018; Wei et al. 2020;
Tan et al. 2021; Li, Socher, and Hoi 2020). This issue has
also been addressed recently in the context of video-text
learning (Lin et al. 2024). To combat possible ambiguity
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Figure 3: Overview of ARL. (Left) Given the text-video train set, we initially calculate the text-video similarity to compute the
uncertainty over the dataset level. Batch-wisely indexed uncertainty is used along the batch-wise similarity between texts and
videos to explore ambiguous text-video relationships in the mini-batch. (Right) Two levels of Label Ambiguity Detection (LAD)
modules detect ambiguous relationships. Text-Video LAD employs s(g;, V;) and u(g;, V}), the similarity and uncertainty maps
between the text queries and videos in each mini-batch. Text-Frame LAD utilizes s/ (g;, v;%) and u/ (q;, v;1,), the similarity and
uncertainty maps between each query and video frames for each text-video pair.

in pair-wisely labeled relationships, our study employs the
concept of uncertainty and co-training.

Method
Overview

The overview of Ambiguity-Restrained representation
Learning (ARL) is shown in Fig. 3. To illustrate, we com-
pute the similarity between all texts and videos in the train-
ing set to define text-video uncertainty in each epoch. Sub-
sequently, the batch-wisely indexed uncertainty is processed
to the Label Ambiguity Detection (LAD) module along with
the similarity between the texts and videos in the mini-batch.
LAD identifies ambiguous relationships between text and
video modalities at two levels: the text-video and text-frame.
Lastly, we perform cross-model ambiguity detection with
the dual branch structure which is commonly employed in
the literature of PRVR. Employing the same structure and
inputs for each branch for cross-model ambiguity detection,
cross-model ambiguity detection allows each model to learn
with the detected ambiguous sets from another model. Note
that the cross-model ambiguity detection is not depicted in
Fig.3. For the rest of the paper, we explain the training sce-
nario with an assumption that all text queries and video in-
stances are composed of the same number of elements, i.e.,
L, words and L,, frames, for better clarity.

Text Query Representation. Given ¢-th text query out of
N, queries in the training dataset, we use the pretrained text
encoder to extract features for each word. Subsequently, we
embed the word features into a low-dimensional space us-
ing a fully connected (FC) layer followed by ReLU acti-
vation. After that, we incorporate positional encoding into
these features and employ a transformer layer to obtain d-
dimensional word feature vectors @Q; € RELqaxd, Finally, we
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apply an attention pooling module to the word feature vec-
tors to obtain the query text embeddings ¢; € R?.

Video Representation. Given j-th untrimmed video out
of N, train set videos, we extract frame features Vj’ €

REv*dv ysing a pre-trained 2D or 3D CNN. Symmetric to
the text branch, video features are also passed through a
fully connected layer with ReLU activation to reduce the di-
mensions. After that, we incorporate positional encoding P
into the extracted features, before forwarding the features
through a transformer layer to obtain V; € RFv xd,

Vj=[vj1, 052, ..., v;1,] = Transformer(FC(V}) + P), (1)
where v, refers to the k-th frame features in the j-th video.

Similarity Measure. Given text and video representa-
tions, the frame-wise similarity score sf between a text
query features g; and video frame features vy, is derived as:

2

where cos(-, -) is the cosine similarity between text query
and video frames. Then, the maximum similarity value be-
tween a text query and video frames is used for the retrieval
score since only partial video frames are relevant to the text.
The retrieval (similarity) score is obtained as follows:

Sf(%', Ujk) = COS(qz',’Ujk),

S(qw‘/]) :Sf(Q’LaUJ];)a (3)

where v ;. = argmaxvikcos(qi, vj)) and k denote the video
frame and its index with the maximum similarity, repec-
tively.

Ambiguity-Restrained Representation Learning

Definition of Ambiguity. Typical datasets for Partially
Relevant Video Retrieval (PRVR) consist of thousands of



matched text-video pairs. It is a popular practice to treat
paired text-video data as positive pairs, while all unpaired
data are regarded as negative pairs. However, we question
whether it is correct to treat all unpaired data as negative.

We address this issue by defining an ambiguous relation-
ship for unpaired text-video pairs that are difficult to classify
as simply negative. Specifically, we use uncertainty and sim-
ilarity measures to identify these ambiguous relationships
and grant the model flexibility in treating these instances.
First, the uncertainty indicates whether each instance con-
tains commonly shared semantics. It is calculated as the av-
erage similarity across the dataset, and thus, the uncertainty
is measured high if numerous instances possess high simi-
larity to a specific instance. Second, similarity refers to the
degree of pair-wise text-video resemblance, defined as the
maximum similarity between a single text query and video
frame representations. Thus, the pairs with high similarity
indicate that a video instance includes a frame that shares
similar attributes with the given query. Although both met-
rics originate from the same similar operation, we note that
these two metrics serve as different criteria with different
objectives. We also note that our study in Fig. 4 further val-
idates the claim that these two metrics exhibit different dis-
tributions.

Warmup Phase. Our method utilizes online knowl-
edge (per epoch) of the model to identify the ambigu-
ous relation between text and video. Therefore, we need
to warm up the model for a few epochs to initially train
the model to learn general text-video relationships. For the
warmup phase, we adopt the commonly used triplet rank-
ing loss (Dong et al. 2023; Faghri et al. 2018) and infoNCE
loss (Ma et al. 2022; Zhang et al. 2021) in retrieval tasks.

Uncertainty Estimation. Uncertainty for each text/video
instance is measured by considering similarities across the
entire dataset before training progress. Specifically, we cal-
culate the feature similarity map M € RMa*NvXLv between
all text queries and video frames in the training dataset us-
ing the online model. Here, M. denotes the similarity be-
tween the z-th text query and the z-th frame of the y-th video
in the entire dataset. With the similarity map M, we define
the dataset-wise uncertainty of each text query U? € RV as
the average similarity between the text and all video frames
in the dataset and the uncertainty of video frame U" €
RNv*Lv a5 the average similarity to all text queries:

0z, =

Yz

B 1 N, L,
mq = MTZZMwym

1
D Mayzr @)
v y=1z=1 94 z=1
where U¢ is uncertainty value of x-th text query and U, e 18
uncertainty value of z-th frame of y-th video instance. Texts
with higher average similarity to video frames and frames
with higher average similarity to queries both exhibit greater
uncertainty.

Note that an instance with higher uncertainty implies that
its context is likely to be commonly shared with other in-
stances. These similarity maps and uncertainties are updated
with Eq. 4 every epoch.
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For better clarity for indexing uncertainties U? and U"
within each mini-batch, we define the batch-level subsets of
uncertainties as U? and U". Note that U9 and U" are subsets
of U? and U", which include the uncertainties of all queries
and videos in the mini-batch.

Below, we define the uncertainty value between the text
query and each video frame as u/ and the uncertainty be-
tween the query and the whole video as u:

1 v 1 v
U(%V}‘)Zg(Uiq+Uj,;)%uf(Qi,vjk):§(Uf+ ) (5)

where k indicates the frame index with the highest similarity
to i-th text query, as mentioned in Eq. 3.

Text-Video Label Ambiguity Detection. To discover
pairs in ambiguous relation per text / video instance, we uti-
lize computed uncertainty u and similarity score s. For ¢-th
text query g;, a set of ambiguous video pairs are gathered as:

Al ={V, | s(¢;, Vo) > 15 and u(q;, Vo) > 7},  (6)

where 75 and 7, are thresholding hyperparameters.
On the other hand, an ambiguous query set for a video V
is defined as follows:

AY ={qa | 5(qa, Vj) > 75 and u(qa, Vj) > 7o} . (7)

Ambiguous Aware Representation Learning. For train-
ing, we utilize margin triplet ranking loss and contrastive
learning (Chen et al. 2020), following previous works (Dong
et al. 2022; Wang et al. 2024). Below, we enumerate the
modifications in objectives to implement with ambiguous re-
lationships. In the case of contrastive learning, we add mod-
ifications to supervised contrastive learning (Khosla et al.
2020) to equip with the multi-positive contrastive objective:

—log ( ) ®)
Ly = —log ( ) )

(10)

es(an Vi) EV A e5(ai,Va)

3 @V5) + 37 e qay o €5000Y)

t2v

es(ai Vi) o Zq v e5(2a,V5)
a J

es(ai,V5) 4+ quAva” es(a.V;)
J J

[nee — l Z Etév + £;/J217
" @vpes

where B denotes a mini-batch, and (g;, V) denotes a pos-
itive pairs within this batch. N and N’ are sets of neg-
ative samples for each video and query that /\/f contains
samples that are neither in positive nor ambiguous relations
to j-th video. In short, our multi-positive contrastive ob-
jective enables more flexible model learning by accommo-
dating ambiguous relationships. While instances within am-
biguous sets in the numerator are not trained as negatives,
not all instances are necessarily trained to have positive re-
lations with the anchor. This is because of the possibility that
maximizing a single similarity value can still facilitate loss
convergence.



On the other hand, we organize dual triplets for margin
triplet ranking loss; one with ambiguous sets for £;" and
the other with negative pairs for £y, as follows:

£ =L ST fmax(0,ma + s(4a, V) — (i, V)4
(g:,V;)€B
max(0, mq + (g, Va) — s(q:, V5))}  (11)
£ =L ST fmax(0,m + s(ga, V5) — s(ai, V) +
(ai,V;)€EB
max (0, m + s(¢qi, Vo) — s(qi, Vj))},  (12)

where m, and m denote the respective margins, and g, €
Aj and V, € A? represent the ambiguous samples for
each video and query, respectively. ¢,, and V;, are the neg-
ative samples for each query and video. We set the margin

for L5 smaller, ensuring that ambiguous instances remain
more similar to the anchor than contextually irrelevant in-
stances (m, < m). By alleviating distance constraints on
ambiguous instances, we allow ambiguous sets with poten-
tial positive relationships to the anchor to be excluded from
negative training. The margin m, is used to maintain the
hierarchy, ensuring that paired instances are trained as posi-
tives in Eq. 8- 9. In conclusion, the ambiguity-restrained ob-
jective for text-video pairs is formulated as follows: £V140 =
Ance L7+ La® 4+ L5 where Ance is a hyperparameter to bal-
ance the losses.

Text-Frame Label Ambiguity Detection Within
Untrimmed Video. For untrimmed videos, diverse
contexts may be present within a single instance. Yet,
exploring the relationships with the same video is a yet-to-
be-explored issue. Therefore, we delve deep into the relation
between the text query and frame-wise representations.
Symmetrical to the process of discovering the ambiguity
relations between text and video instances in the mini-batch,
we apply Eq. 6 and Eq. 7 between the query feature ¢
and video frame feature v. Note that the similarity and
uncertainty measures, i.e., s and u, are also substituted with
frame-wise similarity s’ (Eq. 2) and uncertainty v/ (Eq. 5),
respectively. Consequently, the same objectives for learning
text-video relationships in Eq. 8- 12 are applied to learn
text-frame relationships for each video. The objective for
text-frame pairs £ is also the same with £'19°. We note
that A\, is shared.

Cross-Model Ambiguity Detection

Ambiguous pairs can be detected using the model’s own pre-
dictions, similar to self-training (Balcan, Beygelzimer, and
Langford 2006; Freund, Schapire, and Abe 1999). However,
we point out the vulnerability of error propagation of am-
biguity detection when the model relies on its knowledge,
progressively reinforcing its initial imperfect predictions.
To address this challenge, we utilize two identical en-
coders that reciprocally transfer one’s detected ambigu-
ous sets to the other to mitigate the impact of noisy la-
bels (Han et al. 2018). Given two models denoted as 6 and
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®, each model computes ambiguous text-video pairs follow-
ing Eq. 4-Eq. 7 with its online knowledge and provides it as
the training guidance to the other model.

Finally, the retrieval score for the prediction is yielded as
the average of Eq. 3 for each model:

5 (s0(a,V3) + s0(ai, V7)),

where sg and s¢ denote the retrieval scores from model 6
and ®, respectively.

s(qi, Vj) = (13)

Experiments
Datasets and Metrics

We evaluate our method on two large-scale video datasets,
i.e. TVR (Lei et al. 2020) and ActivityNet Captions (Krishna
et al. 2017). We adopt the data split provided by previous
works (Zhang et al. 2020, 2021). Following (Dong et al.
2022), we use rank-based recall as our evaluation metric,
i.e.,, R@K (K=1, 5, 10, 100), where R@K denotes the frac-
tion of queries that successfully retrieve the desired items
within the top K of the ranking list. Moreover, we report the
Sum of all Recalls (SumR) for comprehensive comparisons.

Implementation Details

We use ResNet (He et al. 2016) and I3D (Carreira and Zis-
serman 2017) for TVR and only the I3D for the ActivityNet-
Captions to extract visual features. For text query represen-
tation, we use the RoBERTa (Liu et al. 2019) feature for
both datasets. Also, to demonstrate the effectiveness of our
method with the large model, we conducted experiments us-
ing CLIP-L/14 (Radford et al. 2021). While the typical pa-
rameters are set the same as in (Wang et al. 2024), the thresh-
olds 75 and 7, were defined at each epoch using the distri-
bution values of similarity and uncertainty from the training
dataset. Particularly, 7 is set to the mean value of the sim-
ilarity distribution of the positive pairs, and 7, is set to the
value corresponding to the mean of uncertainty distribution
of train dataset. More details are provided in the appendix.

Comparison With the State-of-the-Arts

Retrieval Performance. We report the results comparing
our approach with state-of-the-art methods for video cor-
pus moment retrieval, and PRVR. Note that all performances
are yielded without using the moment supervision. In Tab. 1
and Tab. 2, we show the results on the TVR and ActivityNet
Captions datasets. As observed, our proposed method out-
performs previous works in all recall metrics, achieving a
margin of 9.3%, 2.3% in SumR compared to GMMFormer
when using ResNet, 13D, and Roberta. Moreover, we high-
light the consistent gaps between ours and DL-DKD (Dong
et al. 2023) while DL-DKD employed an additional CLIP-
B/32 model for knowledge distillation (marked with ). We
owe this superior performance to the study of ambiguity in
one-to-one relationship learning with untrimmed videos for
PRVR. This trend was similarly observed with CLIP-L/14,
showing improvements of 9.1% and 3.3% compared to MS-
SL and GMMFormer respectively.



Model TVR ActivityNet Captions

R@] R@5 R@I0 R@I00 SumR | R@1I R@5 R@I0 R@I00 SumR
VCMR methods without moment localization
XML (Lei et al. 2020) 10.0 26.5 37.3 81.3 155.1 5.3 19.4 30.6 73.1 128.4
ReLoCLNet (Zhang et al. 2021) 10.7 28.1 38.1 80.3 157.1 5.7 18.9 30.0 72.0 126.6
CONQUER (Hou, Ngo, and Chan 2021) | 11.0  28.9 39.6 81.3 160.8 6.5 20.4 31.8 74.3 133.1
PRVR models
MS-SL (Dong et al. 2022) 13.5 321 434 83.4 1724 | 7.1 22.5 347 75.8 140.1
DL-DKD (Dong et al. 2023)f 14.4 349 45.8 84.9 179.9 8.0 25.0 374 77.1 147.6
GMMFormer (Wang et al. 2024) 139 333 44.5 84.9 176.6 8.3 24.9 36.7 76.1 146.0
Ours 15.6 363 47.7 86.3 1859 | 8.3 246 374 78.0 148.3

Table 1: Performance comparison for Resnet, I3D and Roberta features. 1 indicates the usage of additional CLIP-B/32 model.

Model TVR ActivityNet Captions
R@I R@5 R@I0 R@IO0 SumR | R@I R@5 R@I0 R@I00 SumR
MS-SL (Dong et al. 2022) 319 576 67.7 93.8 251.0 147 371 50.4 84.6 186.7
GMMFormer (Wang et al. 2024) | 29.8  54.2 64.6 92.5 241.1 152 377 50.5 83.7 187.1
Ours 346 604 70.7 94.4 260.1 153 384 51.5 85.2 190.4
Table 2: Performance comparison on TVR and ActivityNet Captions for CLIP-L/14 features.
MS-SL | GMMFormer | Ours T-V T-F CL|R@]1 R@5 R@10 R@100 SumR
FLOPs (G) 1.29 1.95 1.23 (@ | - - - 32.8 58.1 682 937 2528
Params (M) 4.85 12.85 5.34 b | v - - 33.6 589 694 94.5 256.4
©| v - 343 599 70.1 944  258.7
Table 3: Model complexit ison. @] v - v [343 599 699 943 2584
able 3: Model complexity comparison © | v v | 346 604 707 944 2601

inference runtime (ms)

Video size 1000 1500 2000 2500
MS-SL 0.366 0.606 0.759 0.893
GMMFormer | 0.264 0.267 0.270 0.293
Ours 0294 0391 0427 0.612

Table 5: Ablation study to investigate the effectiveness of
different components on TVR. T-V Ambiguity and T-F Am-
biguity indicate the use of ambiguity-aware representation
learning within text-video representation learning and the
use of text-frame representation learning.

Table 4: Inference time comparison.

Complexity Analysis. In this section, we present the model
complexity analysis, as shown in Tab 3 and 4. We ana-
lyzed three aspects: FLOPs, the number of parameters, and
runtime required to process a single text query on Nvidia
RTX 3090 GPU. While our method demonstrates high ef-
ficiency in terms of FLOPs and parameters among PRVR
methods, its runtime is relatively slower than that of GMM-
Former. The efficiency in FLOPs and the number of pa-
rameters is attributed to our streamlined transformer archi-
tecture, whereas GMMFormer employs multiple attention
blocks in parallel with different Gaussian kernels. The rela-
tively slower runtime of our method is due to the absence of
aggregated frame-level feature used in GMMFormer. How-
ever, our method still achieves a real-time runtime of under 1
ms, which represents a well-balanced tradeoff between per-
formance and runtime speed.

Ablation and Further Studies

Component Analysis. To understand the effectiveness of
each component, we conduct component ablation in Tab. 5.
Comparing rows (a) and (b), our base model and the model
trained with text-video ambiguity in representation learn-
ing, we observe that it is effective in that it results in a 3.6-
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A R@l R@5 R@10 R@I100 SumR
Positive | 34.0  59.7 70.1 94.5 258.3
Ignore 345  60.1 70.1 94.5 259.2
Ours 346 604 70.7 94.4 260.1

Table 6: Performances comparison between different usages
of ambiguous sets.

point increase in SumR. It demonstrates that the flexibility in
learning text-video relationships is important for PRVR be-
cause text queries and videos often exhibit ambiguity in con-
textual similarity. Moreover, the increase in rows (c) and (e)
spotlight the potential of exploring the text-frame relation-
ships within each video. Subsequently, cross-model learning
is verified to be beneficial for PRVR as shown in rows (d)
and (e). To conclude, the benefits of our components imply
that considering only the paired text-video instances as con-
textually similar to each other in pair-wisely labeled datasets
is vulnerable to forming ambiguous relationships between
text-video instances (especially for PRVR).

Ambiguous Set Learning Strategy. In our work, we
granted flexibility to the model in learning ambiguous re-
lationships. Yet, other options exist to treat all text-video in-
stances in ambiguous sets as positives for a given anchor
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Figure 4: Similarity and uncertainty distributions for positively-paired and unpaired text-video pairs on TVR. Similarity dis-
tributions are illustrated in (a). Distributions of positive sets are generally higher than that of negative sets. In (b), uncertainty
distributions are shown. As uncertainty value is not much affected by the similarity of single pair (for positive pairs), it is shown
that distributions of positive and unpaired are formed similarly.

Positive pair untrimmed video: house s05e01 seg02 clip 22

| House and Cuddy are having a conversation with each other. I |

Wilson pin point House and walks out quickly. |

Ambiguous untrimmed video: house_s07e10_seg02_clip_25

Ambiguous untrimmed video: house s02e16_seg02 clip 00

Figure 5: Ambiguity detection results on TVR dataset. For given queries, we visualize untrimmed videos that are detected to be
in ambiguous relations after the training process (gray boxes). The videos are shown to be highly relevant to the query although

they are not paired as positive instances of the query.

or to exclude them from training. In Tab. 6, we report the
performances of other options. Specifically, we employed a
supervised contrastive objective (Khosla et al. 2020) to max-
imize the similarity between every ambiguous pair for pos-
itive or utilized masking operation to ignore. As the perfor-
mances decrease in both scenarios, we believe that ambigu-
ous sets A are the mixture of instances in positive and neg-
ative relations with an anchor. Consequently, these results
indicate that simply defining an ambiguous set as positive or
negative could lead to suboptimal results.

Uncertainty & Similarity Distributions. we argued that
the two metrics used to detect ambiguity serve different roles
and exhibit distinct distributions. In Fig. 4, we present the
distributions of each metric on the TVR. (ActivityNet Cap-
tions is similar to the TVR.) As illustrated, the distributions
of similarity (left) and uncertainty (right) display different
shapes. Specifically, the positive and negative distributions
are distinguishable in terms of similarity, indicating that sim-
ilarity between positively paired pairs is generally higher
than that of unpaired text-video pairs. Conversely, we ob-
serve that uncertainty values for positive and unpaired sets
are similarly distributed since the degree of semantic overlap
throughout the dataset does not depend on a single pair-wise
similarity. Note that the text-video averaged uncertainty val-
ues are used for plots as pairwise uncertainty is utilized to
detect ambiguous pairs (Eq. 5). These results indicate that
similarity and uncertainty hold independent meanings that
both are preferred to be considered simultaneously.
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Qualitative Results

We analyzed to verify whether detected text-video pairs
actually include ambiguous relationships to an anchor. In
Fig. 5, we plot two text queries with the paired videos and
the videos in ambiguous relationships (with gray boxes). To
illustrate, we observe that the characters in the scenes are
identical while the overall context is also very similar. Es-
pecially, the video on the left example includes the moment
that can be expressed with the given query. This confirms
that our ambiguity detection effectively captures ambiguous
relationships and reduces the impact of erroneous supervi-
sion that occurs when treating all unpaired text-video pairs
as negative sets.

Conclusion

Conclusion. In this paper, we addressed the issue of
ambiguous relationships between the text-video pairs in
pairwise labeled text-video data. To tackle this challenge,
we proposed Ambiguity-Restrained representation Learning
(ARL), designed to mitigate the impact of learning from am-
biguous relationships between text and video. ARL utilizes
uncertainty to first assess whether each text or video likely
includes common contexts within the dataset. Subsequently,
the similarity within each mini-batch is computed to identify
ambiguous relationships. These relationships are then incor-
porated into the Ambiguity-Aware Representation Learning
framework, allowing the model flexibility in learning these
relationships. Our results demonstrate that one-to-one rela-
tionship learning is vulnerable to ambiguous relationships
between texts and videos.
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