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Abstract

We propose VideoEvent, a lightweight and efficient training-free framework for Video Question Answering (VQA) with
large language models (LLMs). Although several training-free VQA methods have been proposed, they often neglect
the temporal dependencies between frames or clips, treating them as isolated units and relying on complex or
resource-intensive components. To address this limitation while maintaining performance and simplicity, we propose
VideoEvent, a framework that segments an input video into question-relevant temporal events and selectively
supplements them with low-level visual cues such as background and object layout. Our method selects semantically
relevant time spans and retrieves one representative background frame to enrich the LLM prompt. This design
minimizes reliance on additional tools and reduces inference cost, making it highly suitable for practical deployment.
Experimental results on EgoSchema and NExT-QA show that VideoEvent reduces inference cost by up to 30%
while maintaining state-of-the-art accuracy, and its background module improves accuracy by 1-3% across multiple
frameworks.
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1. Introduction

Large language models (LLMs) have recently been
applied in training-free settings, i.e., without pre-
training or fine-tuning, across domains such as tool
use (Lu et al., 2023; Shen et al., 2023), multi-agent
systems (Chen et al., 2024; Hong et al., 2024), loT
reasoning (Xu et al., 2024; An et al., 2024), and
table QA (Ye et al., 2023). These works highlight
the potential of LLMs as general-purpose reason-
ing engines, inspiring training-free frameworks for
downstream tasks.

In video understanding, Video Question Answer-
ing (VideoQA) is particularly challenging, as it re-
quires reasoning over long video content and an-
swering questions in natural language. Videos may
last several minutes or longer, and questions can
range from factual (e.g., recognizing an object or
action) to abstract (e.g., inferring intent). Solving
such tasks demands not only accurate perception
of individual frames but also temporal integration
and semantic grounding across the sequence.

Recent training-free approaches such as LLoVi
(Zhang et al., 2024) show that converting video con-
tent into captions with pretrained visual-language
models and leveraging LLM reasoning yields strong
results, sometimes surpassing supervised meth-
ods. Subsequent works (Wang et al., 2024, 2025;
Kahatapitiya et al., 2025) refine frame selection or
integrate additional pretrained modules.

Despite these advances, training-free VideoQA
methods still face two limitations: (i) neglect of tem-
poral continuity and semantic coherence across

frames, treating captions in isolation rather than
as contextually related events; and (ii) omission of
critical background details, since captioners empha-
size foreground objects and actions while discard-
ing contextual cues (e.g., scene layout, supporting
objects) that may be decisive for reasoning. As a
result, current pipelines pass redundant or incom-
plete information into the LLM, increasing inference
cost and sometimes misleading reasoning.

To address these challenges, we present
VideoEvent, a training-free framework based on
semantics-guided event segmentation and back-
ground extraction. VideoEvent dynamically selects
question-relevant, temporally coherent spans and
enriches them with contextual background often
missing from captions. The background extrac-
tion module provides this context at minimal cost,
reducing redundancy before LLM reasoning. On
EgoSchema (Mangalam et al., 2023), VideoEvent
achieves accuracy comparable to state-of-the-art
methods while reducing prompt-level inference cost
by up to 30%.

Our main contributions are as follows:

» We propose a semantics-guided event seg-
mentation method that captures temporal co-
herence and semantic relevance, enabling ef-
ficient long-video reasoning.

* A plug-and-play background extraction module
is designed to enrich captions with contextual
visual details, improving reasoning without any
additional training.
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» The proposed background module general-
izes effectively across different frameworks,
as integrating it into LLoVi, VideoAgent, and
VideoTree consistently boosts accuracy across
datasets.

» Our approach improves inference efficiency by
decoupling caption filtering from reasoning, re-
ducing input size (e.g., from 56 to 9.2 captions
on NExT-QA (Xiao et al., 2021)) and cutting
cost by up to 30% on EgoSchema.

2. Related Work

2.1. Training-Free LLM-based VQA

LLoVi (Zhang et al., 2024) is one of the earliest
training-free VideoQA frameworks. It first divides
a video into short clips (0.5-8s), generates cap-
tions with a pretrained visual-language model (e.g.,
BLIP2 (Li et al., 2023), LaViLa (Zhao et al., 2023),
LLaVA (Liu et al., 2023)), and then concatenates
these captions as input to an LLM (e.g., GPT-3.5/4)
for reasoning. This simple pipeline laid the founda-
tion for later works that refine segment selection or
incorporate additional modules.

2.2. Modular/Tool-based Methods

Another line of work treats LLMs as controllers
that call external tools to complete sub-tasks.
MoReVQA (Min et al., 2024) decomposes the task
into event parsing, grounding, and reasoning, with
API calls and an external memory for intermediate
results. DoraemonGPT (Yang et al., 2024) builds
symbolic memories for spatial and temporal infor-
mation, invoking tools (e.g., object detection, OCR,
ASR) and planning with MCTS. VideoMindPalace
(Huang et al., 2025) organizes video content into
a structured semantic graph derived from multiple
perception models, enabling more complex long-
video reasoning.

2.3. Frame-Selection-Based Methods

Frame-selection approaches aim to identify the
most relevant frames without external tools, mak-
ing them the main comparison targets of our study.
LLoVi (Zhang et al., 2024) adopts uniform sampling,
which is efficient but ignores semantic differences.
VideoAgent (Wang et al., 2024) improves selec-
tion via multi-round retrieval with LLMs and CLIP
(Sun et al., 2024), but remains shallow in temporal
modeling. VideoTree (Wang et al., 2025) builds a
hierarchical tree of frames using CLIP embeddings
and selects keyframes at multiple levels, reducing
redundancy but still lacking explicit modeling of
temporally coherent events.

In summary, existing training-free approaches
either rely on modular tool integration, which in-
creases complexity and inference cost, or on frame
selection strategies that neglect temporal coher-
ence and contextual details. Our work addresses
these issues with a semantics-guided event seg-
mentation framework and lightweight background
extraction, enabling more efficient, context-aware
reasoning for long-video QA.

3. Proposed Method

VideoEvent is a training-free method designed for
VQA. Its objective is to enable an LLM to under-
stand long-form video content and answer natu-
ral language questions without additional model
training or fine-tuning. Formally, given a video
V, a question Q, and a candidate answer set
A ={ay,as,...,a,}, the task is to select the most
likely answer from .4 with respect to the visual se-
mantics of V.

Figure 1 illustrates the VideoEvent pipeline. Our
method dynamically segments video events based
on question relevance and incorporates a plug-
and-play background extraction module, ensuring
that only informative content is passed to the rea-
soning stage. This design reduces computational
cost while preserving accuracy, addressing both
inefficiency and interpretability limitations of prior
training-free frameworks. VideoEvent operates in
three stages: (i) video caption generation, where
clips are transcribed into textual descriptions; (ii)
relevance-based event segmentation with optional
background extraction; and (iii) answer reasoning
using the selected captions and background con-
text.

Compared to prior methods, such as LLoVi's
(Zhang et al., 2024) uniform frame sampling and
VideoAgent's (Wang et al., 2024) query-based cap-
tion retrieval, VideoEvent takes a semantics-driven
approach by combining event segmentation and
background augmentation. This not only enhances
semantic understanding, but also effectively re-
duces the interference cost.

3.1. Stage 1: Video Caption Generation

The input video V is segmented into K fixed-length
clips {v1,vq,...,vx}. Each clip v;,i = 1..K, may
be directly cropped from V or further down-sampled,
if needed, at a fixed rate. Each v; is then processed
by a pretrained VLM to generate a caption ¢;, serv-
ing as a textual representation and also as the basis
for semantic event segmentation.
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Figure 1: Overview of the proposed VideoEvent framework. It generates captions (Stage 1), performs
relevance-based event segmentation and background extraction (Stage 2), and conducts answer reasoning
with an LLM to produce the final answer (Stage 3).

3.2. Stage 2.1: Relevance-based Event
Segmentation

This stage highlights the key drawback of the ap-
proaches of (Zhang et al., 2024; Wang et al., 2024),
which often lack semantic structure and temporal
coherence across clips. In contrast, our approach
is both semantics- and answer-driven: it dynami-
cally segments the video into highly relevant event
intervals based on the relevance among @, A, and
¢;S. This strategy generates segments that are
better aligned with the QA task, facilitating context-
aware reasoning while effectively suppressing irrel-
evant information.

3.2.1. Relevance Scoring

For each caption ¢;,i = 1..K, and answer a;,j =
1..n, we construct a prompt with ¢;, a;, and Q, and
use a lightweight LLM (e.g., GPT-40-mini) to score
their semantic relevance on a scale of 1-10, de-
noted as 7. This produces a relevance sequence
for each answer:

R; = [r{,r%, ... ,rg(].

Unlike VideoAgent and VideoTree, which rely on
embeddings for retrieval or clustering, our method
directly operates on raw captions. This avoids ex-
tra feature modules, preserves human-readable
semantics for interpretability, and reduces compu-
tational cost, aligning with our goal of an efficient,
training-free VQA system.

3.2.2. Temporal Smoothing

R; may contain unreliable relevance scores since
the correct answer is still unknown during inference.
Next, we aggregate information along the dimen-
sion of “candidate answers.” This allows incorrect
options, which may contribute misleading semantic
signals, to be suppressed during the subsequent

reasoning. For each clip ¢;,i = 1..K, we compute
the sum:

From these aggregated scores, the sequence
[S1,S9,...,SK] is formed. Then we apply a mov-
ing average with a window size W, leading to a
smoothed sequence [S;,Ss,...,Sk]. Temporal
smoothing maintains coherent event segments by
reducing sudden spikes, drops and local noise, pre-
venting unnecessary fragmentation and improving
model stability.

3.2.3. Event Segmentation

Since only a subset of video clips are semantically
relevant to the question Q, it is necessary to group
these clips into coherent segments while filtering
out irrelevant ones.

To identify which parts of the video warrant fur-
ther analysis, we define a mean threshold r
(Zfil S;)/K. The following set Z contains all i
whose corresponding score S; exceeds 7:

I={i|S;>r}

In practice, the indices in Z naturally cluster along
the timeline, forming contiguous semantic events.
This process suppresses irrelevant captions with-
out relying on hand-crafted rules, thereby improv-
ing robustness across diverse video—question pairs.
Figure 2 illustrates a qualitative example, where the
highlighted regions correspond to key actions rele-
vant to Q, effectively guiding the reasoning process
without manual intervention.

3.3. Stage 2.2: Background Extraction

Captions generated by visual-language models
(VLMs), whether at the clip or frame level, pro-
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Figure 2: Example of event segmentation. Highlighted regions correspond to semantically meaningful
segments that align with key actions (e.g., making dough), directly supporting question answering.
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The scene takes place in a kitchen, specifically at a stainless steel sink. The sink is
surrounded by light-colored tiled walls, offering a neutral backdrop. To the left, a
metallic dish rack is visible, which holds drying dishes. There is a green container
placed on the edge of the sink......

W

A: Cis cleaning dishes
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Figure 3: lllustration of the background extraction module. Contextual cues clarify the correct answer

(cleaning dishes) rather than the more ambiguous interpretation (cleaning the kitchen).

vide useful descriptions but tend to emphasize fore-
ground actions while omitting background details
such as scene layout, surrounding objects, or envi-
ronment. Consequently, short captions alone often
lack sufficient context, even though such cues can
be crucial for accurate reasoning.

Figure 3 illustrates this limitation. Although the
action sequence includes wiping the sink and ad-
justing the tap, the absence of spatial and object-
level cues makes it unclear whether the subject is
cleaning the kitchen or the dishes. Incorporating
background information extracted by a VLM clari-
fies the scene: a stainless steel sink, drying rack,
and dishes indicates that the correct action is dish
cleaning.

To address this, we propose a plug-and-play
background extraction module. We first identify
the most relevant caption:

¢’ = argmax S;
From the corresponding clip, we sample a single
frame and use a promptable VLM to generate a

background description that includes contextual
elements such as scene, objects, and actions:

BG(V) = VLM(frame(c*))

Because it relies on a single frame, this module is
lightweight, avoids redundancy, and is architecture-
agnostic. It can be integrated seamlessly into
frameworks such as LLoVi (Zhang et al., 2024),
VideoAgent (Wang et al., 2024), and VideoTree
(Wang et al., 2025) without altering their reason-
ing pipelines. Empirically, BG(V) consistently im-
proves accuracy across all three frameworks.

3.4. Stage 3: Answer Reasoning

We organize the following into a structured prompt
for answer reasoning: (i) the selected captions

5:{Ci|i€I},

(i) the background description BG(V), (iii) question
Q, and (iv) answer A. With the prompt, an LLM is
instructed to reason about the inputs and generate
a final prediction. At this stage, a stronger model,
such as GPT-4, is employed.

3.5. Prompt Templates

Our framework uses the following three prompt tem-
plates for relevance scoring, background extraction,
and final answer reasoning, as shown in Figure 4.
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Relevance Score Prompt

You are presented with a single caption from a first view video clip (#C means the first person view, and #O indicates another). The ultimate
goal is to answer a question related to this video, choosing the correct option out of five possible answers. Please provide the answer with a
single letter (A, B, C, D, E).

It is crucial that you imagine the visual scene as vividly as possible to enhance the accuracy of your response. After selecting your answer,
rate your confidence level in this choice on a scale from 1 to 100, where 1 indicates low confidence and 100 signifies high confidence.
Please provide a concise one-sentence explanation for your chosen answer. If you are uncertain about the correct option, select the one
that seems closest to being correct.

Meanwhile, evaluate how relevant each of the five options (A, B, C, D, E) is to the given caption. Provide five relevance scores (one for each
option), where each score is between 1 and 10, with 1 indicating low relevance and 10 signifying high relevance. Return the relevance
scores in the format of a list of five scores.

Caption: {caption}
#it#

Question: {question}
Options:

A: {option0}

B: {optionl}

C: {option2}

D: {option3}

E: {option4d}

#H##

The prediction, explanation, confidence, and relevance scores are (please respond in the format of ‘prediction: \n explanation: \n confidence:
\n option relevance: \n’):

Background Extraction Prompt

The following image is a frame extracted from a video. Your task is to generate a clear and factual description of both the environment and
the human actions within the frame. Follow these rules:

1. Start by describing the overall scene—including the setting, key objects, and any static elements that provide context. This should be a
structured overview that helps establish where the actions take place.

2. Then, describe the human actions and interactions with objects in a continuous, natural flow. Do not list frames individually. Instead,
explain how movements and interactions unfold over time.

3. Only state what is visually present. Avoid assumptions, emotions, or unnecessary interpretations.

4. Ensure clarity and conciseness. The description should be straightforward but detailed enough to capture key actions and their relationship
to the environment.

Answer Reasoning Prompt

r
\.

You are presented with a textual description of a video clip, which has been segmented into several meaningful events. Each event contains
captions sampled from different frames in the video. Your task is to answer a question related to this video, choosing the correct option out
of five possible answers. Please provide the answer with a single letter (A, B, C, D, E).

It is crucial that you imagine the visual scene as vividly and coherently as possible based on the provided event-based descriptions. After
selecting your answer, rate your confidence level in this choice on a scale from 1 to 100, where 1 indicates low confidence and 100 signifies
high confidence.

Please provide a concise one-sentence explanation for your chosen answer. If you are uncertain about the correct option, select the one
that seems closest to being correct.

Description: {captions}
it

Question: {question}
Options:

A: {option0}

B: {optionl}

C: {option2}

D: {option3}

E: {option4}

#it#

The prediction, explanation, and confidence are (please respond in the format of ‘prediction: \n explanation: \n confidence: \n’):

Figure 4: Prompt templates used in our framework for relevance scoring, background extraction, and final
answer reasoning.
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Figure 5: Trade-off between accuracy and infer-
ence cost. Each marker denotes a dataset-method
pair (NextQA, EgoSchema full set, or subset).
Lower cost and higher accuracy are preferred, with
the red line indicating the Pareto frontier.

4. Experiments

4.1. Datasets, Metrics, and Experimental
Setup

We evaluate VideoEvent on two representative
benchmarks: EgoSchema (Mangalam et al., 2023)
and NExT-QA (Xiao et al., 2021). EgoSchema con-
sists of long egocentric videos (3 minutes) paired
with multiple-choice QA, offered in a subset (500
QA) with public labels and a full set (5,031 QA)
requiring leaderboard submission. NExT-QA fo-
cuses on daily human activities (average length 44
seconds) with 8,564 QA pairs, covering temporal,
action, and causal reasoning questions. We report
accuracy as the primary evaluation metric, and also
measure the number of captions included in the
reasoning prompt as a proxy for inference cost.

For implementation, we follow prior work (Zhang
et al., 2024) and use LaViLa (Zhao et al., 2023) as
the visual captioner (1 Hz for EgoSchema, 0.5 Hz
for NExT-QA). GPT-40-mini is employed for event
relevance scoring and background extraction, while
GPT-4 is used for final reasoning to ensure compa-
rability with state-of-the-art methods.

4.2. Results and Analyses

We compare VideoEvent with existing training-free
VQA approaches, focusing on accuracy and infer-
ence cost to demonstrate its balanced performance.
To illustrate this trade-off, we adopt the concept of
Pareto optimality, where ideal solutions lie on or
near the Pareto frontier. Our method achieves com-
petitive accuracy with an efficient accuracy—cost
balance for long-video QA. It consistently positions
near the Pareto frontier across datasets, highlight-
ing its strong cost-efficiency and practical scalabil-

ity.

4.2.1. Comparison on EgoSchema and

NextQA

We observe a trade-off between accuracy and infer-
ence cost. For our task, the goal is to maximize ac-
curacy while minimizing inference cost. As shown
in Figure 5 and Table 1, our approach maintains a
strong balance between efficiency and accuracy,
consistently near the Pareto frontier, demonstrating
high cost-efficiency.

EgoSchema. On EgoSchema, our method re-
quires approximately 42 captions per question on
average, which is substantially fewer than most
other methods, except for VideoAgent (Wang et al.,
2024). In comparison, both LLoVi (Zhang et al.,
2024) and LangRepo (Kahatapitiya et al., 2025)
each require 180 captions. As shown in Table 1,
our flat prompt variant achieves 64.2% subset accu-
racy, while our event-based prompt variant reaches
66.4% subset accuracy, a performance comparable
to or even surpassing other top-performing meth-
ods.

For the full-set evaluation, VideoTree (Wang et al.,
2025) reports a higher accuracy (61.1% vs. our
59.3%). However, this result is obtained using a
few-shot prompting strategy on EgoSchema. When
we reevaluate it under a fairer zero-shot setting
by removing the exemplars, its subset accuracy
drops from 66.2% to 63.4%. This performance gap
suggests that its reported full-set accuracy may
also benefit significantly from its few-shot setup.
However, the few-shot configuration introduces a
substantial increase in cost, requiring over 1,100
captions per question due to its 6-shot format. In
contrast, VideoEvent achieves competitive perfor-
mance with less than 45 captions on average, of-
fering a more practical and scalable alternative for
resource-constrained settings.

NextQA. Our method uses only 9.2 captions per
video and achieves 72.5% accuracy, comparable
to VideoTree’s 73.5%, and better than VideoAgent
(71.3%) and LLoVi (67.7%). Notably, VideoTree
reports its best performance using an average of
12.6 captions per video, which is still higher than
ours. This highlights the efficiency of our method.

In summary, our method reduces caption input by
approximately 30% compared to VideoTree across
both datasets, while maintaining competitive accu-
racy. Its consistent performance near the Pareto
frontier underscores its strong practical viability
in real-world scenarios that demand both accu-
racy and efficiency. In contrast, VideoAgent and
VideoTree may be better suited for applications that
prioritize either minimal input or maximum accuracy
alone.
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Method EgoSchema NextQA
Avg. Capt. Subset Acc. Full set Acc. Avg. Capt. Acc.
Modular/Tool-based Methods
VideoMindPalace (Huang et al., 2025) - 68.6 - - 75.8
DoraemonGPT (Yang et al., 2024) - - - - 54.7
ViperGPT (Suris et al., 2023) - - - - 60.0
MoReVQA (Min et al., 2024) 30 - 51.7 16 69.2
ProViQ (Choudhury et al., 2024) 60 - 571 60 64.6
Frame-Selection-Based Methods
VideoAgent (Wang et al., 2024) 8.4 60.2 54.1 8.2 71.3
VideoTree (Wang et al., 2025) (few-shot) 1142.4 66.2 61.1 - -
VideoTree (zero-shot) 62.4 63.4 - 12.6 73.5
LLoVi (Zhang et al., 2024) 180 57.6 50.3 45 67.7
LangRepo (Kahatapitiya et al., 2025) 180 66.2 41.2 90 60.9
Frame-Selection-Based Methods with BG Extraction
VideoEvent (Flat Prompt) 43.1 64.2 58.1 9.2 72.5
VideoEvent (Event-based Prompt) 42.3 66.4 59.3 9.2 71.7
VideoAgent + BG_Extract 8.4 61.2 - - -
LLoVi + BG_Extract 180 63.8 - - -
VideoTree + BG_Extract 1142.4 67.4 - - -

Table 1: Comparison of training-free VQA methods on EgoSchema and NextQA. Higher accuracy and
lower caption count are better. “Avg. Capt.” denotes the average number of captions included in the final
reasoning prompt per QA sample after event segmentation and sampling, including any few-shot QA
examples when used. For instance, VideoTree (few-shot) includes 6 x 180 additional captions. Methods

are grouped by video processing paradigm.

4.2.2. Caption Count as a Cost Proxy

Most training-free VideoQA methods report only
the number of captions included in the reasoning
prompt and do not provide token-level statistics. As
a result, direct comparison based on token con-
sumption is often infeasible.

To enable fair comparison across methods, we
adopt the number of captions in the final reason-
ing prompt (“Avg. Capt.”) as a practical proxy for
input token cost. Since the length of individual cap-
tions is relatively stable across methods, total token
consumption scales approximately linearly with the
number of captions.

We empirically validate this approximation on
the EgoSchema subset by comparing both cap-
tion counts and token counts. The relative ratios
are nearly identical across methods. For example,
VideoTree requires 535.5 tokens and 62.4 captions
on average, corresponding to 1.47x and 1.46x our
cost, respectively. LLoVi uses 1541.8 tokens and
180 captions, which are 4.24x and 4.21x higher
than ours. In contrast, our method requires only
363.9 tokens and 42.8 captions.

These consistent ratios confirm that caption
count serves as a reliable and reproducible proxy
for prompt-level inference cost.

4.2.3. Definition of Inference Cost

Inference cost in training-free LLM-based VideoQA
frameworks arises from two primary components:
(1) the length of the reasoning prompt, and (2) the
number of model invocations.

Prompt-Level Cost. This corresponds to the
captions included in the final reasoning prompt. As
established in Section 4.2.2, caption count closely
reflects token consumption and therefore provides
a consistent measure of prompt-level cost.

Model Invocation Cost. For each QA sample,
our framework performs K lightweight LLM infer-
ences (GPT-40-mini) for relevance scoring, one
additional inference for background extraction, and
one final inference using a stronger LLM (GPT-4)
for answer reasoning.

Each relevance-scoring inference processes a
single caption and returns relevance scores for all
answer options simultaneously. Thus, the number
of lightweight LLM inferences scales linearly with
the number of captions K, rather than with K x n,
where n denotes the number of answer options.

Importantly, the final reasoning stage dominates
overall token consumption due to its substantially
longer prompt. Therefore, reducing the number of
captions included in this stage directly lowers the
dominant component of inference cost.
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4.2.4. Computational Latency Analysis

The computational complexity of our framework is
linear in the number of captions K.

Relevance scoring requires O(K) lightweight
LLM inferences. These inferences are independent
across captions and can be executed in parallel.
Moreover, lightweight model inference typically in-
curs significantly lower latency compared to the
final reasoning stage.

The dominant latency arises from the single GPT-
4 inference used for answer reasoning. The la-
tency of this stage primarily depends on prompt
length, which scales proportionally with the num-
ber of captions included in the prompt. Since our
event segmentation strategy substantially reduces
the retained captions, it proportionally reduces the
dominant reasoning latency.

While absolute API latency may vary across de-
ployment environments, this analysis provides a
consistent and reproducible estimate of relative
computational cost across methods.

4.3. Ablation Study

We conduct ablation studies to analyze the effect
of event selection, temporal smoothing, caption
sampling, and background integration.

4.3.1. Top-5 vs. Full Event Strategy

Our segmentation method may produce multiple
relevant events. Figure 6 compares using all events
versus the top five, with an average of about 11 re-
trieved per video. This comparison illustrates how
different event selection depths affect both context
preservation and efficiency. The Full strategy (Fig-
ure 6(a)) preserves more context (86 captions on
average), while the Top-5 strategy (Figure 6(c))
uses 68 captions with a slight accuracy drop from
62.6% to 60.6%. This shows that accurately lo-
cating relevant segments provides a performance
gain, though discarding lower-ranked ones may
omit useful context.

4.3.2. Caption Sampling Rate within Events

To further reduce input cost, we examined different
event selection strategies on the EgoSchema sub-
set, as shown in Table 2. Using all retrieved events
requires 86 captions and yields 62.6% accuracy,
while restricting to the top five events reduces the
input to 68 captions but also slightly lowers accu-
racy to 60.6%. Applying uniform sampling within
events further decreases the input size: the Full
Event strategy drops to 42 captions while main-
taining the same 62.6% accuracy, and the Top-5
strategy decreases to 33 captions with a marginal
reduction to 60.4%.
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Figure 6: Comparison of event selection strategies.
Sampled points are marked in red, and shaded
regions indicate events.

Table 2: Ablation study of event selection strategies
on EgoSchema-subset.

Method Avg. Caption Accuracy
Full Event 86 62.6
Top-5 Event 68 60.6
Full Event w/ Uniform Sampling 42 62.6
Top-5 Event w/ Uniform Sampling 33 60.4

These results suggest that (i) once relevant
events are correctly identified, uniform sampling
has minimal impact on performance, and (ii) the
trend is consistent across both Full and Top-5 strate-
gies. Therefore, we adopt the Full Event Strategy
with Uniform Sampling as the default in subsequent
experiments, as it strikes the best balance between
efficiency and accuracy.

4.3.3. Window Size for Smoothing

We analyze the effect of the temporal smoothing
window W in Stage 2.1, as shown in Table 3. Ac-
curacy peaks at 59.3% when W = 13, with an
average of 42 captions and 9.6 events. Smaller
windows (e.g., W = 5) lead to over-segmentation,
requiring more captions (44 on average) while re-
ducing accuracy to 58.0%. Conversely, overly large
windows (e.g., W = 15) over-smooth the relevance
curve, lowering accuracy to 58.7% despite further
reducing captions (41.9 on average). These results
suggest that a moderately large window offers the
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Table 3: Ablation study of window size W on
EgoSchema full set.

wW=5 W=7 W=11 W=13 W=15
Accuracy (%) 58.0 584 58.9 59.3 58.7
Avg. Caption 44.21 43.85 4288 4235 41.87

Table 4: Ablation study of the background frame
selection strategies (based on Full Event Strategy
with Uniform Sampling).

Strategy Accuracy (%)
No background frame 62.6
+ Background (middle index) 63.6
+ Background (max relevance) 64.2

best trade-off between suppressing noise and pre-
serving informative temporal variations.

4.3.4. Effect of Background Frame Selection

We further investigate the impact of background
frame selection using the Full Event Strategy with
Uniform Sampling, as illustrated in Table 4. With-
out background information, the model achieves
62.6% accuracy. Selecting the middle-indexed
frame improves accuracy to 63.6%, while choos-
ing the highest-scored frame from the most rele-
vant event segment yields the best result at 64.2%.
These findings confirm that background informa-
tion enhances the LLM’s understanding, and that
the choice of frame significantly influences perfor-
mance.

4.3.5. Generalizability of the Background
Extraction Module

The proposed background extraction module is
generalizable across different frameworks. The
enhancement of incorporating background infor-
mation in the EgoSchema subset is illustrated in
Table 5. These consistent gains demonstrate that
even minimal additional visual context can enhance
reasoning capabilities in training-free LLM-based
VQA systems.

Table 5: Accuracy improvement from adding back-
ground information across different methods on
EgoSchema-subset.

Framework Base +BG Improvement
LLoVi 61.2 63.8 +2.6%
VideoAgent 60.2 61.2 +1.0%
VideoTree 66.2 67.4 +1.2%

4.3.6. Flat vs. Event-based Prompting
Strategy

In Stage 3, the textual prompt to the LLM is based
on the selected captions. We further compare two
prompting strategies: a flat prompt that directly
concatenates all captions, and an event-based
prompt that organizes captions by semantic seg-
ments. The event-based strategy improves perfor-
mance on EgoSchema, while maintaining compara-
ble accuracy on NExT-QA, highlighting the benefit
of structured context presentation for video QA,
particularly for longer videos.

5. Conclusions

We present VideoEvent, a lightweight and training-
free framework for VQA that leverages semantic
relevance to guide event segmentation and back-
ground augmentation. By identifying question-
relevant temporal spans and introducing a plug-
and-play visual background extraction module, our
method addresses the limitations of existing ap-
proaches in temporal coherence and contextual
understanding without increasing inference cost or
system complexity. Experimental results demon-
strate that VideoEvent achieves competitive ac-
curacy and significantly reduces inference costs,
showcasing superior efficiency and generalization
capability. Moreover, our method is highly exten-
sible and can be integrated into other training-
free frameworks such as LLoVi, VideoAgent, and
VideoTree, consistently improving answer accuracy
with minimal modification. Future work will focus on
refining event segmentation, incorporating richer
modalities, and exploring structured event repre-
sentations to further enhance reasoning precision
and generalizability.
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