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Abstract

Video Question Answering (VideoQA) requires a deep understanding of dynamic video
content, integrating spatial reasoning, temporal dependencies, and language comprehen-
sion. Existing methods often struggle with long or semantically complex videos due to
the lack of question-guided keyframe weight adjustment and the absence of question-
aligned cross-modal description generation. To address these challenges, we propose ETR
(Event-centric Temporal Reasoning), an adaptive framework for VideoQA. ETR introduces
three key mechanisms: (i) a hierarchical weight adjustment selector to identify questions
requiring event-centric temporal reasoning; (ii) a T-Route that segments videos into seman-
tically coherent events and dynamically adjusts keyframe weights with question intent;
and (iii) a question-conditioned prompting strategy that focuses on key objects to generate
textual prompts aligned with a question’s semantics. This hierarchical and adaptive design
effectively balances visual and textual information, enhances temporal reasoning, and
improves object-centric alignment. Experiments on two datasets demonstrate that ETR
achieves competitive performance in fine question-aware VideoQA.

Keywords: videoquestion answering; event-centric temporal reasoning; visual-semantic
alignment

MSC: 68T45

1. Introduction

Video Question Answering (VideoQA) [1-3] is a fundamental multi-modal task in
artificial intelligence [4-6] that integrates computer vision [7-10], natural language under-
standing, and temporal reasoning to generate accurate textual answers from dynamic video
content. Unlike image-based Visual Question Answering (VQA) [11,12], which operates on
static visual inputs, VideoQA requires the joint modeling of spatial semantics (e.g., objects,
scenes, and interactions) and temporal dynamics (e.g., action evolution, event progression,
and causal relations). The necessity to capture long-form temporal dependencies [13]
and continuously evolving visual patterns makes VideoQA particularly challenging for
understanding complex real-world scenarios [14-16], while also closely aligning it with
practical applications that demand fine spatio-temporal reasoning.
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Rather than solely relying on increasingly powerful model architectures, a growing
body of research [17-19] has focused on enhancing temporal reasoning capabilities and
improving cross-modal fusion mechanisms to advance VideoQA. Despite these efforts,
existing methods continue to face critical limitations: they struggle to accurately capture
subtle and continuous temporal dynamics, lack effective mechanisms to suppress redun-
dant or irrelevant visual information, and exhibit limited generalization across diverse
video types and question contexts. These challenges become particularly pronounced
in long-form VideoQA, where complex spatio-temporal structures significantly increase
reasoning difficulty and introduce severe information redundancy.

Such redundancy mainly manifests in two forms: visual overload [20], caused by
densely sampled frame sequences that are weakly related to the question semantics, and
textual overload, arising from generated descriptions containing substantial redundant
or marginally relevant information. To mitigate visual redundancy, prior work explores
keyframe selection using pre-trained large models [21] or event-level modeling strate-
gies [4,22] that segment videos into semantically coherent units [23,24]. However, whether
at the frame or event level, most existing approaches assign similar importance to all
selected frames, making it difficult to reflect the true contributions during reasoning.
As illustrated in Figure 1, even when key frames are correctly identified and semanti-
cally relevant descriptions are generated, nearly uniform weighting prevents the sup-
pression of redundant or weakly relevant information, ultimately impairing the final
prediction accuracy. Furthermore, language-based augmentation using large language
models (LLMs) [25-27] introduces richer semantics but also exacerbates textual overload.
Although recent studies [28-30] attempt to alleviate this issue through question-guided cap-
tioning or multi-granularity retrieval, effectively balancing visual and textual information

under redundancy constraints remains an open and fundamental challenge for long-form
VideoQA.

= =

Question: Why does the boy move back throughout the video?
Option: A. pull the rope. B. wants to eat. C. part of practice. D. to adjust his hand. E. playing with phone.

Key Object: the boy Keyframes: [30, 14, 13, 5]

Descriptions: he is trying to get away from the camera. he is trying to get the rope.
he is trying to get the rope. he is sitting on the boat.

Predicted Answer:

SeViLA+prompt: C x Our Answer: A

Figure 1. An example illustrating different weighting schemes. We just show parts of frames of the
video, and the frames are not strictly consecutive to show a rough video development. The red boxes
highlight frames that the models focus on.

Motivation. The unresolved challenges discussed above can be distilled into two
closely related issues, which jointly motivate this study. First, existing VideoQA meth-
ods [21] typically perform visual localization over entire videos and assign nearly uniform
importance to all selected keyframes without accounting for the specific intent of the
question. Such question-agnostic weighting inevitably introduces substantial irrelevant
visual information, thereby degrading both reasoning efficiency and prediction accuracy.
In practice, however, the relevance and importance of visual frames vary significantly
depending on the question, highlighting the necessity of adaptive mechanisms that can
selectively adjust visual importance in a question-driven manner. This observation further
implies the need to identify questions that require event-centric temporal reasoning and to
perform adaptive reasoning over events along their temporal progression. Although prior
studies [4,22,31] have explored event segmentation to locate question-relevant moments,
they largely remain at the level of event localization and fail to explicitly model the internal
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temporal evolution and relative importance of events during reasoning. Second, to compen-
sate for limited visual perception, many recent frameworks incorporate auxiliary textual
descriptions generated by language models; however, the effectiveness of such descriptions
depends not only on semantic relevance but also on the granularity of the conveyed infor-
mation. While question-guided or program-driven captioning approaches [28] introduce
partial flexibility, most existing methods still adopt a one-size-fits-all generation strategy,
which prevents fine questions targeting specific objects (e.g., “What is the boy wearing yel-
low doing?”) from facilitating alignment with truly critical visual entities. This mismatch
weakens the alignment between textual cues and visual semantics, ultimately limiting
reasoning performance. Taken together, these issues reveal a fundamental deficiency in cur-
rent VideoQA frameworks: the lack of selective, question-conditioned modeling that jointly
governs visual importance estimation and textual granularity control across modalities.
Motivated by this observation, we seek to answer the following research questions:

*  RQ1: How does question intent underlie the need for fine event-level reasoning?

*  RQ2: How can the relative importance of keyframes be effectively modeled by reasoning over
the temporal evolution of events?

*  RQ3: How can the generation of object-centric textual descriptions enable precise alignment
between visual content and semantic cues?

Our Method. To address the above research questions, we propose ETR—an Event-
centric Temporal Reasoning framework designed to enable precise temporal reasoning
and object-centric visual-semantic alignment for VideoQA. At a high level, ETR adopts
a hierarchical and question-conditioned design to selectively regulate information flow
across temporal and semantic dimensions. To address RQ1, ETR introduces a hierarchical
weight-adjustment selector that characterizes question intent using a composite set of
indicators, such as question content, the presence of key objects, and frame-question
semantic relevance. Based on this characterization, each question is adaptively routed to
one of several reasoning routes, ensuring that questions requiring event-centric temporal
reasoning are accurately identified. For RQ2, ETR incorporates a novel question-guided fine
temporal reasoning route including a two-stage clustering strategy (T-Route) through which
videos are adaptively segmented into events and aligned with question semantics to identify
the most relevant key events. These events are further decomposed along their temporal
progression, and the importance of keyframes is dynamically adjusted in a question-aware
manner while accounting for video dynamics, thereby enabling higher-order temporal
reasoning. To address RQ3, ETR proposes a question-conditioned prompting strategy that
explicitly focuses on key objects. By incorporating object cues extracted from the question
into the prompt construction process, ETR guides large language models to generate object-
centric descriptions that are more precisely aligned with the underlying question semantics.
Through this unified and adaptive design, ETR enables event-centric temporal reasoning
and object-centric semantic grounding, providing an efficient and semantically robust
solution for VideoQA.

Contributions. Our contributions are summarized below:

*  General Advancements: We introduce ETR, a novel VideoQA approach that hierar-
chically and adaptively improves vision-language alignment.

¢ Innovative Methodologies: We propose a hierarchical weight adjustment module
alongside a question-guided fine event understanding route, enabling selective weight-
ing of keyframes with question intention. Furthermore, we introduce a novel object-
centric description prompting mechanism that generates descriptions centered on
key objects of the questions. Together, these components allow the VideoQA model
to adaptively leverage the most relevant visual and textual representations for each
given question.
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*  Comprehensive Experiments: We conduct extensive performance evaluation and
analysis on two commonly used datasets, which demonstrate that our ETR method
achieves competitive performance.

Organization. The remainder of this paper is organized as follows. Section 2 re-
views the related work. Section 3 presents the problem formulation and the details of the
ETR method. Experimental results are reported in Section 4, limitations are discussed in
Section 5, and conclusions are drawn in Section 6.

2. Related Work

Research in VideoQA can be broadly categorized into two settings: normal VideoQA,
which focuses on core vision-language reasoning over relatively short video clips, and
long-form VideoQA, which addresses the challenges introduced by substantial redundancy
and temporally dispersed evidence in extended video sequences. In the following, we
review representative works in both directions, with an emphasis on their limitations and
how they motivate the design of our framework.

2.1. Normal VideoQA

Early VideoQA methods primarily relied on spatial and temporal attention mech-
anisms [32,33], often combined with hierarchical architectures [34], to capture localized
visual information. However, these approaches were constrained by the limited capacity
of RNN-based models to capture long-range temporal dependencies. To alleviate this
issue, memory-augmented networks [35,36] were introduced to retain sequential cues and
integrate motion and appearance features [37,38], leading to notable improvements on
movie-level QA tasks. The advent of Transformer architectures further advanced VideoQA
by enabling large-scale video—text pretraining [39-41] and establishing new performance
benchmarks. Nevertheless, these models still exhibit limitations in compositional and
multi-hop reasoning scenarios [42]. To address these challenges, subsequent studies have
explored a variety of enhanced reasoning mechanisms, including graph neural networks
for relational and causal reasoning [43—46], modular networks for compositional reason-
ing [47,48], and neural-symbolic frameworks for structured reasoning [49,50]. Additional
efforts incorporate causal inference [51], data-efficient pretraining [52], and bitstream-level
modeling [53] to improve robustness and generalization. Despite these advances, existing
methods continue to face challenges in fine semantic alignment, interpretable reasoning,
and robust generalization across diverse question types, highlighting the need for adaptive
architectures that can dynamically adjust reasoning strategies according to question intent.

2.2. Long-Form VideoQA

Long-form VideoQA introduces substantially greater challenges due to extensive
visual redundancy, sparsely distributed key evidence, and highly dispersed semantic cues.
A prominent line of research therefore focuses on keyframe selection to suppress irrelevant
content [21,42,54,55]. Existing approaches include supervised keyframe selection [42],
modality-aware filtering [54], diversity-driven selection strategies [55], and more recently,
the use of large vision-language models (LVLMs) as adaptive localizers [21]. Beyond frame-
level selection, several studies further shift toward event-level modeling by introducing
temporal segmentation [4,22,56,57] or exploiting semantic-aware event boundaries [31,58]
to construct more structured temporal representations. However, most existing methods
primarily emphasize improving localization accuracy while overlooking the fact that
even selected keyframes or events may contribute unequally to reasoning under different
questions. This observation suggests that effective long-form VideoQA requires not only
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accurate localization but also question-conditioned importance modeling over temporally
evolving events.

In addition to visual modeling, textual descriptions play a crucial role in bridg-
ing semantic gaps between vision and language. Segment-level description generation
methods [28,59-61], particularly those incorporating question-aware generation strate-
gies [62,63], have demonstrated promising improvements in semantic alignment and
reasoning consistency. Nevertheless, effectively controlling the granularity and focus of
generated descriptions remains an open challenge, especially for fine questions targeting
specific objects. These limitations collectively motivate approaches that jointly consider tem-
poral importance estimation and object-centric semantic alignment in long-form VideoQA.

3. Methodology

To address these challenges, we introduce an effective and efficient VideoQA framework.
This section begins with a description of the notations and problem formulation in Section 3.1,
followed by an overview of the complete architecture in Section 3.2. Sections 3.3-3.5
subsequently provide detailed explanations of the key technical components.

3.1. Preliminary

Notations. We denote sets using calligraphic uppercase letters (e.g., &), scalars using
Roman letters (e.g., N, 1), vectors using bold lowercase letters (e.g., x), and matrices using
bold uppercase letters (e.g., X). The transpose of a matrix is denoted by X7, and the inner
product between two vectors x and y is written as (x, y). The Euclidean norm is represented
by | - |. Models are denoted using typewriter-style uppercase letters, such as M.

Definition 1. Given a video V consisting of N frames { f;}N., and a natural-language question Q
composed of W tokens {w;}!Y ,, the objective of VideoQA is to predict the most probable answer a
from a candidate answer set o/ . Formally, a VideoQA model M estimates the conditional probability
distribution p(a | V, Q), and the final prediction is obtained as:

4 = argmaxp(a | V,Q). (1)
acad

To facilitate precise vision—language alignment under complex temporal dynamics, we formalize the
reasoning process of ETR as a hierarchical optimization problem that instantiates the conditional
probability p(a | V, Q) in Equation (1). Given the input video V = {f;}}.| and question Q, the
model first selects K keyframes based on their relevance to the question:

U = TopK (£}, S(£,Q). @

where S(fi, Q) is the frame-question relevance scoring function defined in Section 3.3.2. The

hierarchical selector H then routes each question to an appropriate reasoning path based on the

question type T, the presence of key objects {O;}2 |, and the relevance scores {S;}X ;:
R =H(Q,{0;},{S;}) € {T-Route, O-Route, N-Route}, 3)

where R denotes the selected reasoning route. For questions routed to the T-Route, the video is
further segmented into events via DBSCAN clustering:

{E}[_y = CDBSCAN({fi}ll'\il)' (4)
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and the most question-relevant event E]’f is selected by maximizing semantic alignment:
E]* = arg max Sim(D;, Q), (5)

E,

where Dy are the textual descriptions of event E; generated by Equation (13) in Section 3.4.2.
Fine-grained temporal clustering is then applied to obtain refined frame representations:

{fi+}11'<:1 = Chemeans (E;rk = 3) . 6)

For all routes, question-guided object-centric descriptions {D;}K | are generated following the
prompt strategies detailed in Section 3.4.2. Finally, the multi-modal representations are fused and
fed into the answer predictor C to produce the final answer:

= ({7 D} @ @), @)

where < denotes feature concatenation. This hierarchical formulation provides a concrete instan-
tiation of Equation (1) by decomposing the conditional probability p(a | V, Q) into a series of
interpretable sub-processes: keyframe selection (Equation (2)), adaptive routing (Equation (3)),
event segmentation (Equations (4) and (5)), fine-grained clustering (Equation (6)), and multi-modal
fusion (Equation (7)). Each sub-process contributes to capturing both coarse-grained event semantics
and fine-grained temporal dynamics in a question-adaptive manner.

3.2. Overview of ETR

As illustrated in Figure 2, the proposed ETR is a unified framework designed for
adaptive temporal reasoning and object-centric vision-language alignment in VideoQA.
It consists of three sequential modules: the initial processing module Section 3.3, the
hierarchical weight adjustment module Section 3.4, and the answer module Section 3.5.
Each module is explicitly designed to address a distinct stage of the VideoQA reasoning
pipeline, while collectively enabling event-centric temporal reasoning conditioned on
question intent.

Visual Frames

Representations Learnable Query
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{Di }
| 1
I|Q| What did both of them do after completing skiing? [O] A: jump and pose. B: bend down. C: raised their hands. D: turn around. E: take off clothes.

||LP] Does the information within the frame provide necessary details to accurately answer the given question?
I|Fl’| Describe in a few words what you see in the frame most relevant to answering: [Q] focus on {key objects}.
||EP] Describe in a few words what you see in these frames most relevant to answering: [Q] focus on {key objects}.
||QP| Considering information in frames, select the correct answer from the options.

——p- first stage of T-Route

—p second stage of T-Route

Figure 2. Overview of the ETR framework.
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Initial Processing Module. Given an input video V, this module first identifies the top-K
keyframes {f/ }X | and estimates their frame-question relevance scores {S;}X ;. Keyframe
identification is performed via a cross-modal matching mechanism that jointly employs a
Q-Former and a pre-trained LLM to evaluate the semantic alignment between each frame and
the question Q. Meanwhile, a key object extractor identifies the key objects from the question,
providing object-centric semantic cues for subsequent adaptive reasoning.

Hierarchical Weight Adjustment Module. Based on the inferred question intent, this
module selectively performs event-centric temporal reasoning. At its core lies a hierarchical
keyframe router H, which assigns each question to one of three reasoning routes according
to a composite set of semantic indicators, including question type, the presence of key
objects {O;}¢ |, and frame-question relevance scores {S;}X ;. This routing mechanism
enables ETR to dynamically allocate computational and semantic alignment to different
levels of temporal granularity. The routing process is defined as follows:

¢  For questions that require fine event understanding, detailed temporal reasoning
is necessary. When no key objects are detected and the frame-question relevance
scores are low, indicating insufficient capture of question-specific details, the input is
routed to the T-Route. In this route, key events {E]*} are further analyzed according
to their temporal progression to extract fine event-level information. Otherwise, the
input is routed to the N-Route, where the keyframes {f;"}X | and their corresponding
descriptions {D;}KX | are directly utilized for answering.

¢  For other questions, broader contextual reasoning may be required. When no key
objects are detected and the frame-question relevance scores remain low, the input is
routed to the O-Route to incorporate additional contextual information. Otherwise, it
is processed by the N-Route, which directly employs the selected keyframes {f;"}X |
and descriptions {D;}K | for answer prediction.

Answer Module. In the final stage, the selected keyframes {f;"}X | and the question-
guided object-centric descriptions {D;}K , are fed into an LLM-based answer predictor C
to generate the final answer 4.

3.3. Initial Processing Module

The initial processing stage identifies preliminary keyframes based on the question Q,
effectively mitigating the risk of visual information overload. This stage is composed of
three modules: a multi-modal encoder, a keyframe selector, and a key object extractor.

3.3.1. Multi-Modal Encoder

Serving as the initial module of the first processing stage, the multi-modal encoder is
designed to extract semantically rich representations from both visual and textual modal-
ities. It consists of two parallel branches: a visual encoder that generates the visual
embedding for each frame f;, and a textual encoder that produces the corresponding token
embeddings w;. In our framework, the visual encoder is instantiated using a pre-trained
ViT model to capture spatial visual semantics, while the textual encoder is implemented
with a pre-trained Flan-T5-XL model to encode linguistic context.

3.3.2. Keyframe Selector

To capture frame-level semantics in a question-aware manner, we introduce a keyframe
selector that identifies a set of keyframes {f}X | based on their semantic relevance to
the input question Q. Given the input frames {f;}I¥ |, the selector aims to suppress
redundant or weakly related visual content while preserving frames that are most in-
formative for subsequent reasoning. The selection process is performed in two stages:
(i) Relevance Scoring, which quantifies the semantic alignment between each frame and the
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question; and (ii) Top-K Keyframe Selection, which retrieves the K frames with the highest
relevance scores.

Relevance Scoring. For the set of input frames {f;}¥ |, a Q-Former 7 projects a set
of learnable query embeddings 2 into visual representations X'P (where the superscript
“ip” denotes the initial processing module), calculated as:

XY =To({f ). ®)

These representations {X;p} N |, together with the question Q, the candidate answer set
</, and the localization prompt [LP], are fed into the pre-trained Flan-T5-XL model 75 to
compute frame-question relevance scores:

{SHs = B ({XF}Ny, Q o, [LPY). ©)

Following [21], the prompt [LP] is defined as: “Does the information within the frame
provide necessary details to accurately answer the given question?”

Top-K Keyframe Selection. Using the frame-level relevance scores {S;}Y |, the top-K
frames {f; }KX | are selected according to their relevance ranking. The chosen frame-score
pairs, denoted as {(f,S;)}KX |, are then forwarded to the hierarchical weight adjustment
module for further refinement and generation of corresponding descriptions.

3.3.3. Key Object Extractor

To robustly identify the most salient entities referenced in the question and provide
a reliable foundation for subsequent visual attention guidance, we introduce a key object
extractor. This module unifies multiple complementary linguistic cues to stably extract
question-centric objects across diverse syntactic structures, thereby facilitating interpretable
vision-language alignment. The extractor is implemented as a spaCy-based natural lan-
guage processing procedure that analyzes the original question Q = {w;}!¥, and outputs
a set of key objects {O;}2 ;.

The extraction pipeline begins with question preprocessing, which removes answer
option interference (e.g., descriptions for A, B, and C), converts the text to lowercase, and
preserves the question mark to retain interrogative intent. The processed question is then
analyzed using dependency parsing and part-of-speech tagging. To comprehensively cap-
ture potential object mentions, multiple complementary strategies are employed to collect
candidate noun phrases, including subject dependencies (nsubj/nsubjpass), attributes fol-
lowing copular verbs (attr), nouns associated with interrogative words (e.g., what, which,
who, whose), and nouns preceding auxiliary verbs (e.g., do, does, did). For each candidate
head token, complete noun phrases are assembled by incorporating surrounding modifiers,
such as adjectives, compound words, determiners, and possessive markers. Subsequently,
invalid candidates are filtered out, including phrases containing stop words (e.g., what,
which, question, answer) or those consisting solely of single-letter answer options. This
filtering process effectively suppresses spurious or non-informative entities that could
otherwise mislead downstream visual attention and routing decisions. The final output is a
sorted list of key objects concatenated using the conjunction “and” (e.g., “man and car”), or
an empty string if no valid objects are detected.

3.4. Hierarchical Weight Adjustment Module

To enable selective and event-centric temporal reasoning, we design a hierarchical
weight adjustment module that explicitly adapts temporal and semantic importance mod-
eling to the intent of the question. This module is composed of three key components:
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a hierarchical weight adjustment selector, a hierarchical processor, and a multi-modal
fusion module.

3.4.1. Hierarchical Weight Adjustment Selector

To selectively enable event-centric temporal reasoning, we design a hierarchical weight
adjustment selector that systematically routes questions into different processing path-
ways and applies corresponding visual localization calibration strategies. By explicitly
decoupling high-level question intent recognition from low-level confidence-aware visual
assessment, the selector facilitates adaptive and question-driven semantic modeling.

The selector operates in two successive stages. The first stage, referred to as the
problem type selector, performs a coarse-grained analysis to distinguish questions that
require detailed information and fine event reasoning from those that do not. Conditioned
on this categorization, the second stage adopts a composite selector that jointly considers
the presence of key objects and the frame-question relevance scores to determine the most
appropriate processing route. Specifically, for questions identified as requiring detailed
information, the composite selector further separates them into two branches based on
confidence and object cues: one branch corresponds to cases where either (i) there exists
at least one frame with low relevance and the boolean flag non_key_object is True (i.e., the
object set from the Key Object Extractor is empty), or (ii) all frames have low relevance
even when the boolean flag non_key_object is False; the other branch includes the remaining
questions. This decision process is formalized as the following routing function:

T-Route, (3Sk, Sk < t1 A non_key_object)
T() = V(VSg, Sk < t A key_object) (10)
N-Route, others

Similarly, for the remaining question category, the selector routes inputs with globally
low frame-question relevance and missing key objects cues to a context-aware pathway;,
while all other cases are processed directly. The corresponding routing rule is defined as:

N() = O-Route, VS, Si < t1 A non_key_object a
N-Route, others

3.4.2. Hierarchical Processor

Clustering-based methods [20,31,64] have been widely used for event segmentation
in videos. However, most of them focus on boundary partitioning and fail to adapt the
event representation to the semantic intent of different questions. As a result, irrelevant
visual information is often introduced, which hinders effective reasoning in VideoQA. To
address this issue, we propose a hierarchical processor that performs question-guided
video reasoning through three complementary processing routes. Instead of treating all
frames or events uniformly, the proposed processor adaptively selects different reason-
ing paths according to the semantic relevance between the question and video content.
By explicitly coupling temporal structure modeling with question-aware weighting, the
processor generates discriminative vision-language representations tailored to diverse
VideoQA scenarios.

Specifically, the Hierarchical Processor consists of three parallel routes: T-Route, which
includes a two-stage clustering strategy; O-Route, which includes a one-stage clustering
strategy; and N-Route, which has no clustering strategy. These routes correspond to
different levels of question—video alignment, ranging from fine temporal reasoning to
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efficient direct reasoning. All routes share a unified multi-modal fusion module F for
integrating visual and textual representations.

T-Route: obtaining event-centric temporal reasoning. Many VideoQA questions,
such as identifying what happens before, after, or at a critical moment within an event,
necessitate precise temporal reasoning. However, existing event segmentation meth-
ods [20,31,64] typically yield coarse event boundaries, which fall short in capturing subtle
temporal phases and fine object dynamics within a single event. To overcome this limitation,
we propose the T-Route, which integrates two complementary components: a two-stage
clustering strategy and an object-centric description generation strategy. The former pro-
gressively refines the temporal structure by decomposing coarse events into fine sub-events,
thus facilitating temporal localization aligned with question intent. The latter, through
its explicit focus on question-relevant objects and interactions, enables the assessment of
semantic relevance at both event and frame levels. Together, these strategies jointly address
the core challenge of adaptively adjusting frame importance in a question-guided manner,
thereby assigning higher weights to frames that capture temporally and semantically rele-
vant object states. This synergistic design ultimately promotes more accurate event-centric
temporal reasoning in VideoQA.

First Stage. To accurately identify the events most relevant to the question, based on the
principle that density-based clustering aggregates temporally coherent frames into seman-
tically consistent events and object-centric event descriptions align event semantics with
question intent, we perform coarse event localization by clustering frames to form events
and selecting the events most relevant to the question using object-centric descriptions,
thereby clarifying event-question relevance and laying a solid foundation for subsequent
event-centric temporal reasoning.

Specifically, given the visual embedding for input frames {f;}}, we first apply
DBSCAN clustering to segment the video into coarse-grained events {E;} IL:1:

{Ei}i, = CDBSCAN({fz‘}f\i1)- (12)

Event-level textual descriptions are then generated under an object-centric prompt by
Flan-T5-XL:

(D }y = 75 ({Ei} 0, @ [EPT), (13)

where [EP] represents the event-level description prompt: “Describe in a few words what
you see in these frames most relevant to answering: [Q] focus on {key objects}.”. The
semantic relevance between each event and the question is evaluated. Only the most
relevant event is selected for further processing, which prevents unnecessary fine reasoning
over irrelevant segments. To quantify the relevance of each event to the given question, we
compute a set of relevance scores { R} }IL:1 by measuring the semantic alignment between
the event-level descriptions and the question Q. The top-1 event with the highest scores is
selected as the key event, and we denote the selected event as E.

Second Stage. To refine keyframe importance and enhance reasoning accuracy, based
on the principle that further clustering reveals intra-event temporal phases and question
intent can guide the weighting of frames, we apply fine temporal clustering to the selected
events from the first stage and selectively weight frames according to question intent,
thereby highlighting temporally critical frames and improving the efficiency of visual
information utilization as well as reasoning performance.

The selected event {E]*} is partitioned into three sub-events using k-means clustering
(k = 3), corresponding to the early, middle and late phases. Guided by the temporal context
implied by the question, key frames are selectively sampled from different sub-events,
with higher weights assigned to frames from the most relevant phase. Frame-level textual
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descriptions are finally generated to provide fine semantic cues for downstream reasoning,.
Specifically, for questions posed at a specific moment, several frames from the central
cluster and one from each of the other two clusters are selected; for questions asked before
a given moment, several frames from the first cluster and one from each of the other two
clusters are chosen; for questions asked after a given moment, several frames from the final
cluster and one from each of the other two clusters are selected. Finally, we obtain k key
frames {f;"}X |. Additionally, the several frames from the same cluster are placed at the
end and assigned higher weights. In parallel, it also produces frame-level descriptions
{D;}K | directly from its input frames. These are generated by Flan-T5-XL under a frame-
level prompt [FP], formulated as: “Describe in a few words what you see in the frame most
relevant to answering: [Q] focus on {key objects}.”.

Computational Complexity Analysis. We next analyze the computational complexity of
the clustering modules in T-Route. In our framework, both DBSCAN and k-means operate
on frame-level visual features, and their complexity is dominated by the number of sampled
frames N, which is fixed in our approach. DBSCAN with spatial indexing has an average
time complexity of O(N log N). For k-means clustering, the time complexity is O(N - k - T),
where k denotes the number of clusters and T is the number of iterations until convergence.
Since both k and T are small constants in our design, the overall complexity of the two-
stage clustering procedure remains linearithmic with respect to the number of sampled
frames. As our method uses a fixed frame sampling strategy, the clustering steps are
computationally efficient and do not introduce heavy overhead to the overall framework.
Empirically, under our fixed-frame sampling setting (N = 32), the two clustering steps
together take less than 0.1 s, accounting for only a small fraction of the total inference time.

O-Route: Recovering Missing Context for Weakly Relevant Segments. In long
videos, many frames exhibit low direct relevance to the question but still provide essential
contextual information for coherent reasoning. Discarding such frames entirely may cause
the model to miss important background cues, while treating them equally with highly
relevant frames introduces noise. The O-Route is designed to strike a balance by enhancing
weakly relevant frames with event-level contextual semantics.

In the O-Route, the entire video {f;}¥ , is segmented into events {E;}_; using DB-
SCAN clustering. Instead of performing fine temporal refinement, representative key
frames { ff}lK: ; are selected from the center of each event cluster. Event-level textual
descriptions are then generated following the same strategy as in the first stage of T-Route.
By integrating event-level descriptions {D;}X | into frame representations, the O-Route
recovers missing semantic information while maintaining temporal coherence across
the video.

N-Route: Preserving High-Confidence Visual Evidence. Some questions can be
accurately answered using a small number of key frames that are already highly aligned
with the question semantics. Applying complex temporal modeling to such frames is
unnecessary and may even distort their semantic content. The N-Route therefore provides
a streamlined reasoning path that preserves high-confidence visual evidence with minimal
processing overhead.

Concretely, the N-Route directly operates on question-relevant key frames {f;" }X
and generates detailed frame-level descriptions {D;}X , as in the second stage of T-Route
without additional event modeling. This design ensures semantic fidelity while improving
computational efficiency.

Multi-Modal Fusion. Finally, the key frames selected from all routes and their cor-
responding question-guided textual descriptions are integrated by a unified multi-modal
fusion module:

X" = {f Yo =D}, (14)
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where 1 denotes concatenation and m denotes multi-modal fusion. The resulting vision—
language representation is used for final answer prediction.

3.5. Answer Module

The answer module functions as the final prediction module, designed to generate a
reliable answer by leveraging the fused visual representations along with their associated
descriptions. For this purpose, we utilize a frozen Flan-T5-XL model as the answer predictor
C, which receives the fused representation X", the question Q, the candidate answers
&/, and a task-specific QA prompt [QP] as inputs. The resulting predicted answer is

expressed as:
a=C(X", Q,«,[QP]), (15)

where the QA prompt [QP] is defined as: “Considering information in frames, select the
correct answer from the options.”

4. Experiments

We assess the effectiveness of the proposed framework by comparing it with state-of-
the-art VideoQA baselines on two standard benchmark datasets. Section 4.1 details the
experimental setup, followed by systematic quantitative and qualitative evaluations in
Sections 4.2-4.4.

4.1. Experimental Setup

Datasets. To thoroughly evaluate the effectiveness and generalizability of our ap-
proach, we conduct experiments on two widely used VideoQA benchmarks: NEXT-QA [65]
and STAR [66], which emphasize complementary reasoning capabilities.

*  NEXT-QA serves as a comprehensive large-scale benchmark aimed at advancing tem-
poral and causal reasoning in VideoQA. However, its data specificity imposes certain
limitations on generalization: it contains 5440 short video clips (primarily focusing
on daily-life scenarios with fixed scene settings) and 52,044 human-annotated ques-
tion—answer pairs, which are grouped into three reasoning categories concentrated
on temporal and causal logic: causal (48%), temporal (29%), and descriptive (23%).
Specifically, causal questions emphasize understanding the intentions behind actions
and their resulting outcomes, temporal questions concentrate on reasoning over action
sequences and temporal dependencies, while descriptive questions mainly examine
perception-oriented abilities, including object recognition and counting. The dataset is
partitioned into 3870 training videos, 570 validation videos, and 1000 testing videos.
On average, each question contains 11.6 words, whereas each answer consists of
2.6 words. Compared with STAR, NExT-QA’s video scenarios are less diverse, and
its reasoning types lack the exploration of situational logic, which makes its model
performance difficult to generalize to complex realistic scenes beyond daily simple
interactions. More detailed statistics are summarized in Table 1.

e STARis devoted to situated VideoQA and is designed to facilitate complex reasoning
in realistic environments by providing structured situational representations together
with logic-based annotations. Similarly, STAR also has limitations in data specificity:
the dataset comprises 22,000 trimmed video clips, about 60,000 question-answer pairs,
and 240,000 candidate answers. Although its video scenarios are more diverse than
NEXT-QA, most clips are selected from fixed types of real-world scenes (e.g., home,
office), lacking coverage of rare or special scenarios, which restricts the generalization
of models trained on it to unconventional situational reasoning tasks. Each question
is supplemented with a symbolic reasoning program along with a ground-truth an-
swer, which supports compositional reasoning and enhances interpretability. STAR
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categorizes reasoning into four types: Interaction (capturing human—object relation-
ships), Sequence (modeling temporal order), Prediction (inferring upcoming actions),
and Feasibility (evaluating whether actions are plausible). In addition, the dataset
includes 111 action predicates, 28 object categories, and 24 relationship types. The
answer consistency scores—=82.5%, 85.3%, 80.4%, and 78.5% across the four reasoning
tasks—indicate the varying difficulty levels associated with each reasoning type. In
contrast to NExT-QA, STAR’s strength lies in situated and compositional reasoning,
but its limited scenario coverage and fixed predicate/relationship types still constrain
its generalization ability in cross-scenario or cross-domain VideoQA tasks.

Table 1. Distribution of questions in NExT-QA dataset.

Train Val Test Total
Multi-Choice QA 34,132 4996 8564 47,692
Open-Ended QA 37,523 5343 9178 52,044

Implementation Details. The proposed framework is built upon the BLIP-2 [21]
vision-language architecture, which comprises 4.1B parameters and is pre-trained on
129M image-text pairs collected from COCO [67], CC12M [68], Visual Genome [69], and
SBU [70]. For the visual stream, a frozen ViT-g/14 model with 1.3B parameters is adopted
to extract frame-level visual representations. The language backbone is a frozen Flan-T5-XL
model (4B parameters), which is consistently utilized for frame caption generation, event
abstraction, and final answer prediction. The model used to extract key objects from the
question is ‘en_core_web_sm’. To ensure reproducibility, all experiments are performed
under a unified default configuration unless otherwise stated. The number of keyframes
is fixed to K = 4, the threshold #; is 0.2, and the predefined temporal routing weights in
T-Route are set to [0.8, 1.0, 1.2, 1.5]. All hyperparameters are selected empirically to attain
an appropriate balance among accuracy, robustness, and computational efficiency across
the evaluated benchmarks.

Experimental Environment. All algorithms are developed using PyTorch 2.4.1 and
executed on a computing server configured with 20 Intel(R) Xeon(R) Platinum 8457C
vCPUs, 48 GB of system memory, and two NVIDIA L20 GPUs.

Baseline Methods. We compare our proposed ETR framework with 27 representative
VideoQA baselines on the NExT-QA benchmark, which are categorized according to their
dependence on large-scale language models.

¢  Non-LLM-based methods. We include 9 conventional VideoQA methods—MIST [4],
HiTeA [58], CFMMC-Align [71], CBSR [28], T3T [72], ITMP [73], SHG-VQA [74] and
MCG [75]. These models primarily depend on independently trained visual and
textual encoders—either built from scratch or obtained through moderate-scale pre-
training—without incorporating any large language models. They therefore provide
strong baseline systems for evaluating the effectiveness of question-guided grounding
and temporal reasoning when only limited semantic prior knowledge is available.

e Large model-based methods. We evaluate our framework against 18 recent ap-
proaches that integrate LLMs or LVLMs for multi-modal reasoning, including
SeViLA [21], Q-ViD [62], LangRepo [60], Mistral [76], LLoVi [61], VideoINSTA [31],
Vista-LLaMA [77], MVU [78], ViperGPT [79], Video-STaR [80], InterVideo [81], Assist-
GPT [82], VideoAgent [83], TOPA [59], IG-VLM [84], LLaVA-NeXT-Video+Selector [85],
VGentailment [86] and ProViQ [63]. These approaches cover a wide range of model-
ing paradigms, spanning from fully end-to-end large language models to reasoning
agents powered by LVLMs, thus offering a thorough and challenging benchmark for
comparative assessments.
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Evaluation Protocols. We follow the standard evaluation protocols established in
previous VideoQA benchmarks to guarantee fair and consistent comparisons. Specifically,
for the NEXT-QA dataset, two complementary metrics are applied according to the ques-
tion type. For multiple-choice questions, we use accuracy, defined as the proportion of
correctly predicted answers relative to the total number of questions. Descriptive questions,
including those in binary or counting formats, are evaluated using accuracy for consis-
tency. For the STAR dataset, as well as the validation subset of NExT-QA that contains
only multiple-choice questions, accuracy is employed uniformly as the evaluation metric.
Formally, accuracy is calculated as: ACC = Neorrect / Niotal, Where Neorrect is the number of
correctly answered questions, and Ny, represents the total number of evaluated questions.
This unified evaluation framework ensures comparability across different datasets and
reasoning types.

4.2. Performance Comparison

To assess both the effectiveness and generalizability of our approach, we perform
extensive comparisons with baseline methods on the NEXT-QA and STAR datasets. The
results are presented in Tables 2 and 3, demonstrating that our method consistently sur-
passes state-of-the-art approaches across diverse architectures, varying model scales, and
different levels of task complexity.

Table 2. Quantitative comparison on the NEXT-QA. ACC@D, ACC@T, and ACC@C denote the
accuracy for descriptive, temporal, and causal questions, respectively, reported in percentage (%).
The best results are highlighted in bold, and the second-best are underlined.

Method Reference Large Model Zero-Shot ACC@C ACC@T ACCe@D ACCeAll
Non-LLM-based methods
MIST [4] CVPR'23 - - 54.6 56.6 66.9 57.2
HiTeA [58] ICCV’23 - - 62.4 58.3 75.6 63.1
CBSR [28] TCSVT24 - - 59.3 58.0 67.9 60.3
MCG [75] TIP'24 - - 57.3 56.5 68.2 58.8
CFMMC-Align [71] TCSVT24 - - 49.7 48.6 61.0 51.3
T3T [72] arxiv’25 - - 59.6 59.2 68.9 61.0
ITMP [73] arxiv’25 - - 58.1 58.0 68.9 60.4
Large-model-based methods
AssistGPT [82] arxiv’23 ChatGPT-4 v 60.0 514 67.3 58.4
ViperGPT [79] ICCV’23 GPT-3 v 56.4 49.8 - 60.0
SeViLA [21] NeurIPS'23 Flan-T5-4B v 61.3 61.5 75.6 63.6
Q-ViD [62] arxiv’24 Flan-T5-4B v 60.6 56.4 58.4 60.2
LangRepo [60] NeurIPS24 Mistral-7B N 57.8 45.7 61.9 54.6
LangRepo [60] NeurIPS24 Mistral-12B v 64.4 51.4 69.1 60.9
Mistral [76] arxiv’24 Mistral-7B v 51.0 48.1 57.4 51.1
LLoVi [61] EMNLP24 Mistral-7B v 55.6 479 63.2 54.3
LLoVi[61] EMNLP24 Mistral-12B v 60.2 51.2 66.0 58.2
VideoINSTA [31] EMNLP24 Llama3-8B v - - - 58.3
Videoagent [83] ECCV'24 ChatGPT-3.5 N - - - 48.8
Vista-llama [77] CVPR24 Vicuna-7B v - - - 60.7
TOPA [59] NeurIPS24 Llama2-7B v 61.3 53.4 68.3 59.9
TOPA [59] NeurIPS'24 Llama3-8B v 61.9 53.0 64.5 59.5
TOPA [59] NeurlIPS24 Llama2-13B v 63.6 57.2 68.9 62.1
ProViQ [63] ECCV'24 GPT-3.5-turbo v 55.6 60.1 - 63.8
MVU [78] ICLR"25 LLaVA-v1.5-13B v 55.7 48.2 64.2 55.4
DYTO [87] ICCV’25 Qwen-VL-Chat-9B v - - - 53.4
LLaVA-NeXT- , LLaVA-NeXT-
Video+Selector [85] CVPR25 Video+Selector-8.5B v - - - 634
VGentailment [86] CVPR25 VideoLLAVA-7B v - - - 60.8
ETR Ours Flan-T5-4B N 62.9 61.7 755 64.4
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Table 3. Quantitative comparison on the STAR dataset. ACC@I, ACC@S, ACC@P and ACC@F denote
accuracy for interaction, sequence, prediction and feasibility questions, respectively, reported in
percentage (%). The best results are highlighted in bold, and the second-best are underlined.

Method Reference Large-Model ACCel ACCe@S ACCeP ACCe@F ACCe@Avg
Non-LLM-based methods
SHG-VQA [74] CVPR'23 - 48.0 42.0 35.3 325 39.5
SHG-VQA* [74] CVPR'23 - 45.8 42.8 34.6 29.9 38.3
Large-model-based methods
Video-STaR [80] arXiv’'24 Vicuna-7B-v1.5 - - - - 33.0
SeViLA [21] NeurIPS23 Flan-T5-4B 48.3 45.0 444 40.8 44.6
Q-ViD [62] arXiv'24 Flan-T5-4B 47.4 448 44.7 4238 449
InterVideo [81] arXiv'22 VIT-L-1.4 43.8 43.2 423 37.4 41.6
IG-VLM [84] ACCESS24 CogAgent 39.8 474 40.5 43.6 444
TOPA [59] NeurIPS'24 Llama2-7B 36.4 45.6 39.3 36.3 41.3
TOPA [59] NeurIPS'24 Llama3-8B 40.8 43.1 394 34.5 414
TOPA [59] NeurIPS24 Llama2-13B 41.6 46.2 442 36.7 43.0
ETR Ours Flan-T5-4B 494 45.3 43.8 424 45.2

4.2.1. Quantitative Comparison on the NExT-QA

Table 2 summarizes the overall performance comparison between ETR and 23 rep-
resentative approaches on the NExT-QA benchmark, including 7 methods without using
large models and 16 large-model-based methods. As reported, ETR achieves 64.4% ac-
curacy, ranking first among all evaluated models while maintaining a relatively compact
model scale and computational efficiency.

Within the category of non-LLM methods, MIST [4], HiTeA [58], CFMMC-Align [71],
CBSR [28], MCG [75], T3T [72], and ITMP [73] report ACC@ALII scores ranging from 51.3%
to 63.1%, with HiTeA [58] being the strongest performer in this group. Although these
methods have progressively improved visual-language fusion and reasoning strategies,
they are still limited in fully modeling complex temporal dynamics and rich cross-modal
semantics in challenging video scenarios. In contrast, ETR reaches 64.4% accuracy, exceed-
ing the best-performing non-LLM competitor by 1.3 percentage points, highlighting its
stronger robustness and reasoning capacity.

For large-model-based approaches, performance varies substantially across different
model scales and reasoning frameworks. (i) Lightweight models, such as SeViLA [21]
and Q-ViD [62] equipped with Flan-T5-4B, obtain 60.2-63.6%. (ii) Medium-scale models,
including LangRepo [60], Mistral [76], LLoVi [61], Vista-LLaMA [77], DYTO [87], LLaVA-
NeXT-Video+Selector [85], and VGentailment [86], generally achieve 51.1-63.4%, showing
competitive yet slightly inferior performance overall. (iii) Large-scale systems, such as
AssistGPT [82], ViperGPT [79], VideoAgent [83], and ProViQ [63], despite leveraging
GPT-3.5, GPT-4, or LLaVA-13B, yield total accuracy mainly between 48.8% and 63.8% and
do not surpass ETR.

Overall, ETR delivers the best total accuracy performance among all compared meth-
ods. Its superiority can be attributed to the T-Route module, which effectively filters and
enhances question-relevant visual evidence, thereby strengthening visual-semantic align-
ment and enabling more reliable high-level reasoning while remaining considerably more
parameter-efficient than many LLM-based counterparts.

4.2.2. Quantitative Comparison on the STAR Dataset

Table 3 presents the accuracy comparison on the STAR dataset. It is worth noting
that the backbone of the conventional method SHG-VQA [74] is SlowR50-K400, while its
improved variant SHG-VQA* uses ResNext101-ImageNet1K. As a representative symbolic
reasoning-based VideoQA model, SHG-VQA primarily relies on video-text alignment and
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manually designed reasoning modules. While effective on simpler datasets, both versions
exhibit unstable performance on STAR, which contains complex causal structures and
cross-temporal event sequences, achieving only 38.3-39.5% and struggling to maintain
coherent reasoning chains.

Recent large-model-based approaches, such as InterVideo [81], Video-STaR [80],
SeViLA [21], Q-ViD [62], TOPA [59] and IG-VLM [84], leverage large-scale pre-trained
knowledge to mitigate the limitations of conventional methods. These frameworks im-
prove video-language integration and semantic reasoning to some extent, yet they often
suffer from inconsistent alignment between visual evidence and textual reasoning when
tasks require compositional or cross-temporal inference.

ETR addresses these challenges through an adaptive weight adjustment mechanism
combined with a hierarchical alignment framework. This framework dynamically assigns
importance weights to key frames based on the objects emphasized in the question and
captures multi-level visual-language interactions to facilitate alignment with the central
subject. By establishing a robust connection between low-level visual representations and
high-level semantic reasoning, this structured alignment not only improves the model’s
ability to separate causal and situational cues in visually entangled scenarios but also
enhances interpretability and reasoning stability. Under this design, ETR achieves 45.2%
on the STAR dataset, surpassing all conventional and LLM-based baselines by up to
6.9 percentage points. These results demonstrate that question-guided weight adjust-
ment and hierarchical visual-language alignment are critical for advancing situated video
understanding in complex temporal and causal contexts.

4.3. Ablation and Comparative Studies

We first perform ablation studies to assess the contribution of each key module in
Table 4. Components are progressively removed or replaced to quantify their impact on
addressing the task’s core challenges. To systematically validate the effectiveness of ETR in
addressing the research questions, we then conduct experiments focusing on three aspects:
the effectiveness of the hierarchical selector, the capability of T-Route for event-centric
temporal reasoning, and the alignment of semantic descriptions with key question-relevant
objects. All experiments are performed on the NEXT-QA dataset, and the results are
summarized in Tables 5-11.

4.3.1. Combined Effect of Key Components

To investigate the cumulative and interactive effects of ETR’s core modules, we conduct
a systematic ablation study on the NExT-QA dataset, as summarized in Table 4. The study
examines three key modules: hierarchical selector, T-Route, and object-centric prompt.

Table 4. Combined effect of key components.

Hierarchical Object-
erarciucal 1 Route Centric ACC@C ACC@T ACC@D ACC@All
Selector
Prompt
- - - 62.40 59.35 76.88 63.63
- - v 61.94 60.72 76.46 63.77
v v - 62.86 60.86 75.19 64.09
v v v 62.93 61.73 75.48 64.45

Starting from the baseline model with only a coarse keyframe selection, the overall
accuracy reaches 63.63%. Incorporating the object-centric prompt increases the accuracy
slightly to 63.77%, indicating that text descriptions aligned with question-relevant objects
provide weakly supervised semantic guidance, improving alignment between textual se-
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mantics and query intent while complementing the visual information stream. Further
integrating the hierarchical selector and T-Route raises accuracy to 64.45%. The hierarchical
selector adaptively identifies questions that require event-centric temporal reasoning, while
T-Route dynamically adjusts the attention weights of visual cues based on event-level infor-
mation, optimizing alignment between the question and video content. This mechanism
not only improves keyframe selection precision but also mitigates temporal information
loss from video truncation or frame sampling, enabling more accurate modeling of causal
and semantic relationships within events. Overall, the complete ETR configuration achieves
an absolute improvement of 0.82 percentage points over the baseline (Table 4). Despite
its moderate model size, this consistent gain across modules reflects their complementary
roles: the hierarchical selector identifies questions requiring detailed event understand-
ing, T-Route refines the attention on critical visual cues while compensating for missing
temporal information, and the object-centric prompt maintains query-focused semantic
alignment—particularly effective for fine questions. Together, these components work
synergistically, and the lightweight N-Route bypass ensures computational efficiency while
delivering stable accuracy improvements. These results demonstrate that a coarse-to-fine
selection strategy combined with target-oriented semantic guidance forms an effective and
mutually reinforcing approach for robust video-language reasoning.

4.3.2. Impact of Keyframe Selection Strategy

Table 5 compares different routing strategies and provides insights into the optimal
performance conditions of our hierarchical routing mechanism. The non strategy, which
applies a general approach to all questions, achieves 63.77% accuracy. Applying all ques-
tions uniformly through non T-Route or T-Route yields lower accuracy (63.67% and 63.11%,
respectively), revealing two key insights: (1) Over-processing harms simple questions:
The performance drop of all T-Route (63.11%) compared to non (63.77%) indicates that
applying fine-grained event reasoning to simple descriptive questions introduces semantic
noise rather than benefit. This validates that temporal reasoning should be deployed
selectively. (2) Under-processing harms complex questions: The moderate performance
of non (63.77%) suggests that while it handles simple questions well, it fails to capture
the temporal dynamics needed for complex temporal questions. Building on this ob-
servation, our proposed hierarchical selector adaptively identifies questions requiring
event-centric temporal reasoning, increasing accuracy to 64.45%. This semantics-driven
selection achieves optimal performance by matching each question to its most appropriate
processing route—deploying expensive T-Route only when the expected gain outweighs
the risk of noise introduction. The 0.68-1.34% improvement over single-route baselines
demonstrates that intelligent routing, rather than module complexity alone, is the key to
effective VideoQA.

Table 5. Impact of hierarchical selector.

Method ACCeC ACCeT ACCeD ACCeAll
non 61.94 60.72 76.46 63.77
non T-Route 62.05 60.93 75.09 63.67
all T-Route 61.67 59.93 74.83 63.11
Ours 62.93 61.73 75.48 64.45

4.3.3. Impact of T-Route

Using Table 6, we analyze the effect of the attention weight adjustment mechanism
in T-Route on overall QA performance. When using uniform weights, the accuracy is
only 63.97%. In contrast, our approach performs two rounds of clustering—first based on
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question-relevant objects and then on the temporal cues of events—to dynamically adjust
the attention weights of key visual cues. This allows the model to more effectively facilitate
the alignment of the relevant subjects, actions, and critical events associated with the
question. These results indicate that the dynamic weight adjustment mechanism in T-Route
enhances the model’s sensitivity to both semantic and temporal information, improving
event-level reasoning and cross-modal alignment. The benefits are particularly pronounced
for fine or temporally complex questions, demonstrating a clear advantage over uniform
weighting strategies.

Table 6. Impact of T-Route.

Method ACCeC ACCeT ACCeD ACCeAll
unified weight 62.74 60.73 75.10 63.97
Ours 62.93 61.73 75.48 64.45

4.3.4. Impact of the k Value in k-Means Clustering

Table 7 analyzes the impact of different values of k on overall model performance.
Specifically, performance reaches its lowest point at 63.51% when k = 1. This is likely
because treating all high-confidence time steps as a single pattern mixes distinct temporal
structures, failing to effectively capture the sequential characteristics of events. As k
increases to 4, overall performance slightly drops to 64.25% compared with k = 3. Although
temporal relationships are captured to some extent, over-segmentation may introduce
redundancy and noise, leading to degraded performance. Overall, k = 3 achieves the best
balance between expressive power and model stability, enabling more effective modeling
of the underlying temporal structure in high-confidence time steps.

Table 7. Impact of the k value in k-means clustering.

Method ACC@C ACC@T ACC@D ACC@AIll
1 62.36 60.36 74.19 63.51
4 62.55 61.60 75.74 64.25
Ours(3) 62.93 61.73 75.48 64.45

4.3.5. Impact of the t; Value

Table 8 analyzes the impact of different values of 1 on overall model performance. The
t1 value serves as a threshold to route samples with low semantic similarity between key
frames and the question to event-level understanding. When ¢ is too small, many samples
that require event-level analysis are instead answered directly using weakly relevant key
frames, limiting the model’s ability to capture overall event structure and temporal logic,
which reduces accuracy. As t; increases, performance first improves and then declines.
When t; becomes too large, too many samples are unnecessarily routed to temporal rea-
soning; for samples whose key frames already have high semantic relevance, this extra
processing introduces redundant temporal noise and interferes with the model’s judgment.
To empirically validate our threshold selection, we randomly sampled multiple videos
from our dataset and analyzed the distribution of frame-question relevance scores. Across
this random sample, we found that on average, 18.23% of frames have relevance scores
below t; = 0.2, with a standard deviation of 4.68% across different videos. This consistent
proportion, approximately one-fifth of frames falling below the threshold, demonstrates
that the threshold is appropriately calibrated across a wide range of video content. The
18.23% figure represents an optimal balance: it is high enough to meaningfully impact
performance, as the 0.8-1.3% overall improvement comes precisely from these frames that
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benefit from deeper temporal analysis, yet it is low enough that the majority of frames
(81.77%) can be processed efficiently through simpler routes, maintaining fast inference. The
moderate standard deviation of 4.68% indicates that this balance is consistently achieved
across diverse video types, rather than being driven by a small subset of atypical examples.
Thus, the best performance is achieved at t; = 0.2, where the model reaches an optimal
balance between direct key-frame question answering and event-level understanding.

Table 8. Impact of the f; value.

Method ACCeC ACCeT ACCeD ACCeAll
0.1 62.60 61.60 75.49 64.24
0.2 62.93 61.73 75.48 64.45
0.3 62.60 61.60 75.49 64.24
0.6 62.60 60.81 79.54 64.21
1.0 62.55 60.75 79.53 64.17

4.3.6. Impact of Object-Centric Descriptions

Table 9 investigates the effect of different prompt designs on the quality of generated
textual descriptions and their downstream impact on VideoQA performance. The effec-
tiveness of textual descriptions is highly dependent on prompt design: poorly constructed
prompts may produce low-quality outputs that not only fail to improve performance but
can also introduce semantic noise. Specifically, using a General Question Prompt (‘GQP”’)
yields an accuracy of 63.49%, whereas a Generic Declarative Prompt (‘GDP’), a declarative
Question-Guided Prompt (‘QDP’), or an interrogative Question-Guided Prompt (‘QQP’)
achieve accuracies of 63.63%, 64.09%, and 63.55%, respectively. In contrast, prompts that
explicitly facilitate alignment with the key objects mentioned in the question generate
more targeted and semantically aligned descriptions, resulting in a significant performance
improvement, with peak accuracy reaching 64.45%. We hypothesize that generic or non-
object-centric prompts often produce ambiguous or irrelevant content, weakening the
semantic alignment between visual evidence and question intent. These findings highlight
that precise and structured prompt design is critical for generating high-quality textual
descriptions and supporting effective video reasoning.

Table 9. Impact of captioning prompt design. “GDP”, “GQP”, “QDP” and “QQP” denote general
declarative prompt, general question prompt, question-guided declarative prompt and question-
guided question prompt.

Method ACCeC ACCeT ACCeD ACCeAll
GDP 61.82 60.31 76.86 63.63
GQP 61.71 69.92 77.12 63.49
QDP 62.86 60.86 75.19 64.09
QQP 61.97 60.20 76.09 63.55
Ours 62.93 61.73 7548 64.45

4.3.7. Performance Analysis

Table 10 presents the performance analysis. We compare our proposed method (Ours)
with the method of all T-Route under the same hardware and dataset conditions. The
results show that Ours achieves an average per-video inference latency of 1.01 s, which is
approximately 20% faster than the baseline’s 1.26 s. Both total wall-clock time and total
GPU time are reduced by 25%. The primary source of acceleration lies in the optimization
of the T5 generation stage, where the average time per call decreases from 1.8-2.4 s in the
baseline to 0.92 s in Ours (a reduction of over 50%), while peak and average memory con-
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sumption remain nearly identical (24.29 GB/19.2 GB). If a full temporal sequence modeling
capability were further introduced into the baseline, it would inevitably incur significant
additional computational overhead and increased latency. In contrast, Ours achieves an
effective balance between inference speed and temporal understanding capability under its
current design.

Table 10. Ours vs. all T-Route performance comparison.

Metric Ours All T-Route
Avg. per-video wall-clock latency 1.01s 1.26 s
Avg. per-video GPU latency 1.01s 1.26s
Total wall-clock time 141 h 1.87 h
Total GPU time 1.403 GPU-h  1.869 GPU-h
Average peak memory 24.29 GB 24.29 GB
Average memory usage 19.23 GB 19.30 GB
T5 Generate—avg. per call 092s 1.8-24s
Typical 8-video batch wall time 75-85s 8-11s
Overall compute cost (time X resources) Clearly lower Higher

To further analyze the computational characteristics of the proposed method, we addi-
tionally report the inference cost under different frame sampling settings, as summarized
in Table 11. All experiments follow the same hardware configuration and fixed-frame
sampling strategy, where a constant number of frames (24 /32/48) is uniformly sampled
from each video. Under this setting, the computational cost is determined by the number
of sampled frames rather than the original video duration. Following common GPU pro-
filing practice, we report results from a steady-state iteration after warm-up to eliminate
initialization overhead and ensure consistent measurement of runtime performance. As
shown in Table 11, the computational cost scales consistently with the number of sam-
pled frames. The visual encoding FLOPs increase from 37,172.75 GFLOPs at 24 frames to
49,563.66 GFLOPs at 32 frames and 74,345.49 GFLOPs at 48 frames, exhibiting a strictly
linear growth pattern. Correspondingly, the total inference time increases moderately from
12.45 s to 13.41 s and 15.39 s, while the peak GPU memory rises from 20.14 GB to 24.19 GB
and 32.31 GB, respectively. Notably, the memory growth ratio is lower than the FLOPs
scaling ratio, indicating that only frame-dependent feature representations scale with the
number of sampled frames, whereas model parameters remain constant. In the feature
post-processing stage, k-means and DBSCAN are jointly applied to the frame-level repre-
sentations, and their computational complexity is determined by the number of sampled
frames N. Specifically, k-means has a time complexity of O(N - k - T), while DBSCAN
exhibits an average complexity of O(N log N) with spatial indexing. Since both clustering
methods operate on low-dimensional feature representations, their runtime and memory
overhead remain significantly smaller than that of the visual encoding stage. Overall, these
results demonstrate that under a fixed-frame sampling strategy, inference time, FLOPs, and
memory consumption are primarily governed by the number of sampled frames rather
than the original video length. This property ensures stable and controllable resource usage
for long-video inputs and supports the scalability of the proposed method in practical
deployment scenarios.
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Table 11. Comparison of inference time, FLOPs, and GPU memory consumption under different
frame sampling settings.

Frames FLOPs (GFLOPs) Inference Time (s) Peak Memory (GB)  Avg Memory (GB)
24 37,172.75 12.45 20.14 16.37
32 49,563.66 13.41 24.19 19.16
48 74,345.49 15.39 3231 24.77

4.4. Qualitative Analysis

To further demonstrate the effectiveness of the proposed method, we present several
representative qualitative results on the NEXT-QA dataset, as shown in Figure 3. Each case
includes the original question—answer pair with candidate options, the detected key objects,
the selected key frames (with higher weights assigned to the latter two frames), and the
generated descriptions that align with the critical objects. From these visualizations, we
can clearly observe that our hierarchical question-guided framework adaptively locates
informative frames and salient objects based on the semantic alignment between the video
content and the question target. By highlighting the most relevant and discriminative
evidence, our method effectively suppresses redundant information and supports more

reliable and fine video reasoning.

Question: How does the girl in white move her legs in the middle?
Option: A. put the table. B. play with string. C. kick the boy. D. kick up in the air. E. kick away toy.

Key Object: the girl Keyframes: [14, 15, 8, 9]
Descriptions: she is laying on the floor. she is kicking her legs.
she is laying on the floor. she is laying on the floor.

Question: Why did the lady hold onto the child when going down the slide together?
Option: A. he slipped down. B. ensure child s safety. C. in case baby fall down. D. playing. E. keep baby afloat.

Key Object: the lady Keyframes: [23, 22, 25, 9]
Descriptions: she was holding the child. she was holding the child.
she is holding the child. she is holding the child.

Predicted Answer: B Ground-truth: B

Figure 3. An example illustrating different weighting schemes. We just show parts of frames of the
video, and the frames are not strictly consecutive to show a rough video development. The red boxes
highlight the frames our model focuses on.

5. Limitations

Despite the overall effectiveness of our approach, several limitations remain evident
in our experimental analysis. To better understand the underlying causes of model failures
in long-form VideoQA, we examine representative error cases and categorize them into
two primary types based on the nature of the observed shortcomings.

¢  Failure Type I—Insufficient Robustness to Distractions. The model sometimes strug-
gles to filter out visually distracting or temporally irrelevant content when constructing
event representations. As illustrated in the first example of Figure 4, although the
model captures a general understanding of the video—which depicts a boy unwrap-
ping a gift—it is misled by an intermediate segment where the boy briefly shows the
gift to a woman. This distraction causes the model to incorrectly select an answer in-
volving “share with the girl” rather than the correct action “unwrap it.” This suggests
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that the model’s current mechanism for assessing the importance of event segments
remains insufficient for suppressing task-irrelevant but salient visual cues.

¢ Failure Type Il—Insufficient Sensitivity to Fine-Grained Visual Details. In other cases,
the model demonstrates a coarse understanding of the scene but fails to capture fine-
grained visual information essential for accurate reasoning. The second example in
Figure 4 illustrates this limitation: given a video of a band performance, the model
correctly identifies the general action (e.g., “playing an instrument”) but overlooks
critical details regarding how the action is performed (e.g., bowing vs. plucking). This
indicates a need for enhanced perceptual granularity in frame-level feature extraction
and cross-modal alignment.

Question: why did the boy pick up one present from the group of them and move to the sofa?
Option: A. share with the girl. B. approach lady sitting there. C. unwrap it. D. playing with toy train. E. gesture something.

Key Object: the boy Keyframes: [21, 8, 9, 23]
Descriptions: a boy is standing on a couch. a boy in pink pajamas.
a boy in pajamas. a boy is standing on a couch.

Predicted Answer: A Ground-truth: C

Question: how do the two man play the instrument?
Option: A. roll the handle. B. tap their feet. C. strum the string. D. hit with sticks. E. pat with hand.

Key Object: the two man Keyframes:[13, 28, 14, 8]
Descriptions: they are playing guitars. they are playing guitars.
they are playing guitars. they are playing guitars.

Predicted Answer: C  Ground-truth: A

Figure 4. An example illustrating failure cases of weighting schemes. We just show parts of frames of
the video, and the frames are not strictly consecutive to show a rough video development. The red
boxes highlight frames our model focuses on.

The core design of ETR operates on general semantic representations extracted from
video content—including visual features and semantic similarity calculations—rather than
relying on the internal parameters or architecture of any specific language model. This
means that the temporal enhancement functions of ETR, such as temporal segmentation,
key event localization, and frame importance weighting, are performed independently
of the language model used for description generation or answer prediction. However,
the current implementation and all reported results in this paper are based on Flan-T5-XL.
Models with different scales or architectures may vary in their semantic representation
quality and temporal reasoning capacity, which could affect the final question-answering
performance. To address this limitation and more thoroughly validate the applicability
of ETR, we plan to conduct systematic experiments across diverse language models in
future work. Specifically, we will: (i) evaluate ETR on language models of different
scales, including small models (e.g., T5-base), medium models (e.g., Flan-T5-XL), and
larger models (e.g., LLaMA or GPT variants); (ii) quantify the performance gain brought
by ETR on each model by comparing the “ETR + LLM” framework against using the
base LLM alone; and (iii) extend our experiments to models with different architectures
and pre-training objectives, including lightweight models designed for efficiency and
open-domain pre-trained models. These experiments will help establish whether ETR
consistently provides temporal enhancement across different language models and further
strengthen the generalizability of our framework.
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6. Conclusions

In this paper, we propose ETR, a framework for VideoQA designed to enable precise
temporal reasoning and object-centric visual-semantic alignment. The key innovations of
ETR include: (i) Hierarchical weight adjustment module, which dynamically identifies
questions requiring event-centric temporal reasoning and leverages detailed event analysis
along with question intent to adjust the weights of key event cues, thereby enhancing
question-relevant visual information and improving reasoning accuracy; (ii) Question-
focused key-object description generation mechanism, which produces object-centric tex-
tual descriptions aligned with the question semantics, ensuring that key visual objects
are effectively represented and reinforcing visual-semantic alignment for more precise
answer prediction. Experimental results on two benchmark datasets demonstrate that
ETR efficiently integrates critical visual cues with semantic context, significantly enhanc-
ing the comprehension of complex dynamic videos and providing robust, efficient, and
high-precision performance for VideoQA.
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