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Abstract: One important finding in real-world Video QA assignments is that, rather than needing full-sequence analysis, the
textual question typically relates to a specific, brief segment of the entire movie. This encourages a more focused and effective
learning strategy. In order to overcome this difficulty, we pre-sent Locate Before Answering (LocAns), a novel end-to-end
architecture that performs answer prediction using only the localized section after first identifying the most pertinent temporal
segment matching to the question. The two main parts of the suggested LocAns model are a response prediction module and a
question localization module, both of which are integrated into a single pipeline. One significant improvement in our approach is
the generation of training supervision. LocAns cleverly uses the ground-truth response labels to produce pseudo temporal
supervision rather than depending just on manually marked temporal boundaries, which are sometimes unavailable or costly to
collect. Three benchmark datasets such as NExT-QA, ActivityNet-QA, and AGQA are designed for long-term VideoQA were
used for extensive research. In all three datasets, LocAns regularly beats current state-of-the-art techniques. In addition to
producing excellent quantitative results, the model per-forms well qualitatively, as demonstrated by case studies in which it
correctly identifies the most pertinent video segments prior to producing the right response. The locate-before-answer paradigm's
efficacy is further supported by the localization module's enhanced interpretability. Overall, this study emphasizes how crucial
temporally focused reasoning is while responding to lengthy video questions. LocAns creates a potential path for future Video
QA research, especially for large-scale, complicated, and real-world video scenarios, by eliminating redundancy and improving
the alignment between the question and pertinent visual evidence.
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1. INTRODUCTION

Video QA is becoming a standard for assessing a model's capacity to simultaneously comprehend dynamic
visual scenes and human language as research in this field expands. Traditional image-based Visual Question
Answering (VQA) and Video QA are conceptually and technically different [1]- [5]. In VQA, the model analyzes a
single image that has all the information needed in a single static frame. But Video QA adds a temporal component.

A video is made up of many frames, each of which captures a separate instant across time, as opposed to a
single image. Because the model must comprehend the order of events, causal relationships, actions, and scene
transitions, this temporal progression complicates the reasoning process. Because short films often have a single
event, a consistent background, and little action diversity, early Video QA research mostly concentrated on short
video clips, typically lasting 10 to 15 seconds. Previous Video QA techniques were able to handle the full video as a
consistent block of data because of these simpler features. In order to produce a single video-level representation,
many algorithms processed the entire sequence by combining features from every frame [6] — [18]. This approach
frequently yielded satisfactory results since short films usually preserve a single scene and a continuous action flow.
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The longer the video, the more severe the noise and redundancy issue becomes. Unrelated frames make
optimization more challenging, diminish the model's attention, and lower its representational quality. Therefore, it is
inefficient and frequently unproductive to simply transfer techniques meant for short movies to long-term Video QA.

First, developing a dependable supervisory signal that can direct the temporal attention process is very
difficult [3]. The majority of datasets do not specify the precise frame range from which the solution should be
deduced; instead, they just offer the final result as a label. As a result, the model makes an effort to ac-quire
localization solely through indirect answer monitoring, which frequently leads to erratic or unclear attention
patterns.

Second, rather than identifying a coherent section of activity, temporal attention distributions frequently
highlight fragmented and discontinuous frames [4]. It is challenging to understand the model's behavior and
determine whether it is paying attention to significant evidence because of this dispersed attention. Additionally, the
discontinuity impairs the model's capacity to record developing events, which are crucial for long-term video
comprehension.

This study suggests a novel paradigm known as "Locate Before Answering" to overcome these constraints [5
-20] [32] [36]. The main concept is intuitive and reflects how people handle comparable issues: when posed a
question about a lengthy movie, a person will first pick the pertinent section of the video and then thoroughly
scrutinize that piece to determine the answer. The absence of temporal localization annotations in current VideoQA
datasets, such as NExT-QA, ActivityNet-QA, and AGQA, is a significant obstacle to implementing this approach
[25 — 30]. These datasets only offer question-answer pairings; they do not identify the specific video clip that
answers each question. Although analogous issues without explicit labels have been attempted to be solved using
weakly supervised Video Tem-poral Grounding (Video TG) algorithms, they usually function as standalone tasks in
a two-stage pipeline where the localization module and the prediction module are trained independently [6], [30] —
[39].

However, there are issues with training stability because of this bidirectional dependency. While QL depends
on AP's performance, AP also needs to provide feedback to QL. LocAns uses an alternating training technique to
guarantee con-vergence. This method stabilizes learning and does away with the need to manually balance the losses
of both modules.

2. RELATED WORKS

Over time, Video Question Answering (Video QA) has grown to be a significant research issue in the field of
vision-language understanding. Image-based Visual Question Answering (VQA), which focuses on evaluating static
images, is seen as a logical extension of this task [7]. Although VQA has contributed to the advancement of
multimodal learning, Video QA adds more complexity since im-age-based models cannot manage the developing
scenes, temporal interdependence, and sequential activities found in movies.

The architecture used in early Video QA projects was often somewhat simple. Initially, 2D convolutional
neural networks (CNNs) in conjunction with recurrent neural networks (RNNs) or spatiotemporal models like 3D
CNNs were used to extract video information. Lan-guage features were often acquired using contextual models like
BERT or embedding techniques like GloVe [8]. A cross-modal reasoning module was used to align the data from
both modalities and produce the solution after visual and textual features were removed. Video QA research focused
considerably more on understanding how visual information changed across frames and modeling temporal
relationships than Image QA methods.

Despite their contributions, the majority of these attention-based techniques were created and assessed using
early VideoQA datasets, including TGIF-QA, MSRVTT-QA, and MSVD-QA [9]. The videos in these databases are
usually brief, lasting no more than 10 to 15 seconds. Because short movies seldom include intricate scene transitions
or unconnected visual occurrences, the process is made much easier by the short temporal period. A number of long-
duration datasets have been released recently in response to the growing demand for more accurate VideoQA
standards. These consist of TVQA, AGQA, ActivityNet-QA, and NExT-QA [10].

These benchmarks include minute-level movies that span several activities and have noticeably deeper
temporal structures, in contrast to short-video datasets. Among these, TVQA is unique as a tri-modal dataset since it
contains question-answer pairs, videos, and subtitles. TVQA is therefore especially focused on language-driven
reasoning and conversation comprehension [11] [32 - 39]. However, TVQA is less appropriate for researching pure
video-based reasoning, which is the subject of this study, due to its strong reliance on text ex-changes. Thus, the
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three well-known datasets that focus on visual and temporal reasoning in complicated, untrimmed videos—NEXT-
QA, ActivityNet-QA, and AGQA—are used for our investigations.

The Multi-Instance Learning (MIL) framework is a key component of weakly supervised VideoTG
techniques [12]. This system treats every video as a bag of possible video segments, and it uses ranking losses to
teach the model to distinguish between positive and negative segment-query combinations. The Text-Guided
Attention (TGA) model by Mithun et al. is a noteworthy early effort in this approach that uses text-driven attention
processes to learn to highlight query-relevant frames. Cross-Sentence Mining (CRM), developed more recently by
Huang et al., enhances temporal comprehension by examining the connections between various sentences and
utilizing contextual linguistic structures [13]- [21].

Weakly supervised VideoTG and our work are philosophically comparable in that they both seek to localize
textual inquiries in videos without using temporal boundaries that have been annotated [22]-[30]. The objectives and
methodological strategies, however, are very different. In contrast to VideoTG, which compares and ranks candidate
moments using MIL methods, our approach directly employs answer annotations from VideoQA datasets to direct
localization [30]- [39]. We create pseudo labels based on how well various suggestions promote accurate answer
prediction, rather than depending only on implicit representations. More focused and task-specific localization is
made possible by the close interaction between the answering and localization modules.

3. METHODOLOGY

The goal of the Video Question Answering (Video QA) challenge is to choose the right response (A) from a
predetermined list of potential responses given an un-trimmed video (V) and a natural language question (Q). Long-
duration videos, which frequently last for several minutes, have a lot of irrelevant information, numerous scene
changes, and numerous actions. As a result, current models often become confused and have poor reasoning when

the entire video is used as input.
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Fig. 1. The overall inference pipeline of the LocAns framework is shown here. The model is built around
three key components: a feature representation module, a question localization module and an answer prediction
module.

It's important to note that the majority of questions only touch on a tiny section of the film rather than its
whole length. Based on this concept, the suggested approach, LocAns (Locate Before Answering), first determines
which part of the video the question is referring to, then uses only that pertinent portion to deduce the response. By
lowering noise and concentrating reasoning on the appropriate temporal region, this two-step method enhances
performance.

The entire inference pipeline of the suggested LocAns framework is shown in Fig.1, emphasizing how the
model analyzes the query and the video to get a precise response. In order to handle lengthy, untrimmed films, the
pipeline first determines which portion is most pertinent before attempting to respond to the query.

First, two distinct pre-trained models are fed the raw input video and the natural language inquiry. In order to
ensure that both modalities are represented in a rich and significant way, these pre-trained encoders extract basic
visual and textual elements. The Feature Representation Module receives the extracted features and uses self-
attention processes to represent the temporal linkages in the video and the contextual dependencies in the inquiry.
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This stage aids the model in comprehending the relationships between various video frames and how the question's
words add to its meaning.

4. FEATURE EXTRACTION
Two distinct pre-trained models are applied to both the question text and the raw video:
*  Visual characteristics are extracted by a video backbone. either clip by clip or frame by frame.
*  The question is transformed into a series of embeddings via a language model.
The first-level characteristics of the two modalities vision and language are these outputs.
5. FEATURE REPRESENTATION MODULE

Following extraction, the video and question features are processed separately by the model.

The system learns relationships within each modality through self-attention.
*  The relationship between frames over time in the video.

* Regarding the query: the relationships between various words.

Before merging the two modalities, this stage fortifies their internal organization and meaning.
6. QUESTION LOCALIZATION MODULE

This is the core innovation of LocAns. Using cross-modal attention and bi-linear fusion, the system merges
the enriched visual features with the question representation. The combined features allow the model to:

* Understand how the question interacts with each segment of the video.

* Predict which temporal region of the video the question refers to.

The module generates multiple proposals (temporal segments) and scores them to identify the most likely
segment that contains the answer.

7. ANSWER PREDICTION MODULE

The model clips the fused features to retain only that segment after determining which part is pertinent. The
system forecasts the response from the candidate set using this modified input. This guarantees that irrelevant frames
won't affect the final prediction.

8. TRAINING STRATEGY

Real temporal annotations—the precise timestamps that show where the solution is in the video—are
unavailable for the majority of datasets, which presents a training issue. As a result, completely supervised training
of the question localization module is not possible. The authors present pseudo-temporal labels, which are created
automatically during training, to get around this restriction. The localization module is roughly supervised by these
pseudo-labels. Further-more, a decoupled alternative training approach is used to train the model, where: The answer
prediction module and the localization module are updated independently.
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Fig. 2. Overview of Pseudo Label Generation and Question Localization Loss (LQL).

Fig. 2 provides an illustration of the concept. We assess each of the N temporal proposals produced for the
input video during training. The answer prediction module processes each suggestion after it has been paired with
the question. The most pertinent option for that question is presumed to be the one that yields the highest prediction
score for the right response. After that, this suggestion is chosen as the pseudo-label, which serves as the localization
module's supervisory signal.

To put it simply, the localization module is trained using the segment that the answer prediction module helps
us determine is most likely to contain the answer. This pseudo-labeling technique enables the framework to directly
assist the learning of question localization, greatly enhancing the model's capacity to identify the proper temporal
location in lengthy movies, even though it is not a perfect replacement for actual human-annotated labels.

9. RESULT AND DISCUSSION

We carried out extensive experiments on three popular and recently generated datasets—NExT-QA,
ActivityNet-QA, and AGQA—to assess how well our pro-posed LocAns architecture handles long-term Video
Question Answering (Vide-oQA). Because the videos in these datasets are far longer and more semantically
complex than those in previous VideoQA standards, they are particularly appropriate for our investigation.

10. DATASET OVERVIEW AND RATIONALE

Real-world films gathered from the YFCC-100M dataset and manually annotated for question-answering
tasks are included in NExT-QA. It consists of:

5,440 videos, each lasting 44 seconds on average.
52,044 pairs of questions and answers.
Each question has five possible answers, with only one right response.

This configuration is perfect for evaluating the model's capacity to select the most contextually appropriate
option since it permits controlled, multiple-choice reasoning.

The ActivityNet video dataset's descriptions are automatically re-annotated to create ActivityNet-QA.
Important figures consist of:

5,800 videos. An average video lasts 180 seconds, or three minutes.
58,000 QA pairings divided into 32k train, 18k val, and 8k test.

There are no predetermined incorrect answers in this dataset; just the right response is given. We create an
answer vocabulary using the top 1,000 most common responses in the training set in order to transform this into a
classification task.

Additionally, 4,883 QA pairings that don't fit into this vocabulary are eliminated in this step. This dataset
evaluates the model's performance on lengthier films with significant background scenes, which makes localization
even more important.
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The purpose of AGQA is to evaluate deeper reasoning skills pertaining to com-positional spatiotemporal
relationships. Features of AGQAv2

9,700 videos
2.27 million pairs of questions and answers 30 seconds on average

Videos need a much greater level of reasoning sophistication even though they are shorter than ActivityNet.
Because of this, AGQA is an effective dataset for assessing high-level relational and temporal reasoning.

11. IMPACT OF ATTENTION LAYERS ON MODEL PERFORMANCE

Analyzing how the quantity of self-attention and cross-attention layers impacts the final VideoQA
performance is a crucial component of our research. Figure 3 summarizes this, and the following are our findings:

Trends in Performance
Early on, increasing the number of attention layers greatly improves performance.
Performance starts to plateau after it reaches a particular depth.

After this, adding more layers marginally reduces accuracy, indicating overfitting or an overly complex
model.
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Fig. 3. Performance comparison of LocAns on the NExT-QA dataset when varying the number of self-
attention (SA) and cross-attention (CA) layers.

Figure 3 shows how varying the number of self-attention (SA) and cross-attention (CA) layers affects the
LocAns model's performance on the NExT-QA dataset.

This analysis aims to determine the level of attention depth required to capture visual-temporal information as
well as the interaction between the question and the video.

Initially, performance is greatly enhanced by adding more self-attention layers. This is due to the fact that
self-attention enables the model to identify long-range relationships between frames and comprehend the temporal
flow of the movie. Adding more self-attention layers, however, eventually results in little to no improvement and
even a slight decline in performance. This implies that overfitting, in which the model becomes overly specialized to
training data and loses its capacity for generalization, is caused by deeper attention stacking.

Cross-attention layers show a similar trend. Because it directly matches the inquiry with the pertinent visual
content in the film, cross-attention is essential. The accuracy of the model drastically decreases when the number of
cross-attention layers is eliminated. The model's inability to successfully connect queries to visual cues in the
absence of cross-attention is evident from this performance difference.
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The model achieves the optimal balance between representational power and generalization when it employs
two layers of self-attention and one layer of cross-attention.

Overall, the picture emphasizes the significance of both attention mechanisms and demonstrates that careful
balancing of the architecture is necessary to attain the best outcomes.

12. CONCLUSION AND FUTURE WORK

In this research paper, we presented "locate before answering," a novel and successful paradigm for lengthy
Video Question Answering (Video QA). Our paradigm first determines where in the film the answer is likely to be
located and then concentrates the reasoning process solely on that localized section, in contrast to existing
approaches that try to evaluate a full long video—which frequently contains a mixture of relevant and irrelevant
sequences. This approach directly addresses the challenges presented by lengthy movies, where answer prediction is
difficult due to intricate visual transitions, numerous activities, and scene changes. Through a novel pseudo-labeling
technique, the two modules are concurrently tuned, enabling efficient learning even in the absence of explicit
temporal ground-truth labels. Extensive tests on three contemporary long-term VideoQA benchmarks—NEXT-QA,
ActivityNet-QA, and AGQA—show that LocAns regularly performs better than current techniques. The advantages
of explicitly localizing the question-relevant segment before responding are confirmed by both quantitative
measurements and qualitative representations.

Our method increases overall accuracy, decreases noise from unrelated visual content, and improves the
model's interpretability. Future research should continue to focus on closing this gap by creating or utilizing
temporally annotated benchmark datasets. Furthermore, the "localization-first" approach put forward here has
potential uses outside of Video QA and could spur improvements in longer-term video comprehension tasks
including procedural event analysis, video grounding, and summarization.
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