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A. SceneQA Further Analysis

Figure 1 analyzes the impact of input frame length on ques-
tion answering performance. SceneQA shows a slight im-
provement as the number of frames increases, indicating
that visual-only models benefit from longer temporal con-
text. In contrast, SceneQA-Audio achieves its best perfor-
mance at 32 frames, with accuracy gradually declining as
the frame length increases, suggesting that longer input se-
quences may introduce noise or redundant information in
the audio modality. This trend indicates that while extended
visual context can be beneficial, incorporating audio signals
reduces the need for longer inputs and may even be nega-
tively affected by excessively long temporal context.
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Figure 1. QA Accuracy Across Frame Lengths. Performance
of SceneQA and SceneQA-Audio across different input frame
lengths (16, 32, 64, and 128 frames). While SceneQA shows
slight improvement with longer inputs, SceneQA-Audio perfor-
mance peaks at moderate frame lengths and slightly declines for
longer sequences.

Table 1 summarizes the temporal span distribution of
SceneQA and SceneQA-Audio in our dataset. The timespan
is calculated based on the duration of context required by
models to answer each question, averaged across models.
Both subsets cover a wide range of temporal distances, from
short-range events under 250 seconds to long-range depen-
dencies exceeding 2000 seconds. Most samples are con-
centrated in shorter temporal ranges (below 500 seconds),
following a natural distribution, while we intentionally in-
clude longer-context questions to encourage long-range rea-
soning. Importantly, SceneQA and SceneQA-Audio ex-
hibit comparable average spans within each bucket, ensur-
ing consistent temporal coverage across subsets.

Table 1. Temporal span distribution of SceneQA and SceneQA-
Audio. We report the number of samples and average temporal
span (seconds) for each temporal range.

Temporal SceneQA SceneQA-Audio
Range (s) #Samples Avg. Span #Samples Avg.Span

[0, 250) 2110 163.13 2953 158.95
[250, 500) 700 342.91 769 337.94
[500, 750) 256 608.29 187 588.53
[750, 1000) 57 853.72 34 861.50
[1000, 1250) 68 1139.16 22 1109.36
[1250, 1500) 16 1356.12 29 1344.28
[1500, 1750) 9 1582.33 4 1641.75
[1750, 2000) 15 1895.07 9 1883.56
[2000,+∞) 56 2453.14 10 2270.70

B. Runtime Latency Analysis

We report the runtime of Scene-RAG breaking it down into
offline preprocessing (video embedding, scene tiling, and
audio captioning) and online inference (query rewriting and
retrieval of relevant scene/audio context) in Table 2. A di-
rect same-compute comparison is fundamentally flawed for
long videos, since feeding equivalent frames directly causes
out-of-memory while processing frames sequentially forces
the baseline to treat the long video as disjointed short clips,
destroying the global context required for reasoning.

Table 2. Runtime latency breakdown (video Length: 2,767s).

Stage Visual Enc. Audio LLM Total
(InternVideo2) (QwenAudio2) (Qwen3) (Seconds)

Offline Preprocess 273.52 3.20 - 276.72
Online Inference 1.04 0.19 61.06 62.29

C. Annotation Details with example

Our benchmark is entirely manually annotated, specifically,
Fig. 2 depicts the detailed annotation process for SceneQA.
In terms of the Distance Definition, it is defined as the
cue’s observable interval. Regarding reproducibility, we
will make our code and data publicly available before the
deadline of camera ready.

D. Related Work: RAG for Long Video

Recent efforts to integrate Retrieval-Augmented Generation
(RAG) with Multimodal Large Language Models (MLLMs)
for long video understanding can be broadly categorized
into online and offline approaches. In this work, we focus



Figure 2. Overview of the Annotation pipeline. Zoom in for better visibility.

on offline RAG, where visual features are pre-extracted and
reused for efficient query-based retrieval.

VideoRAG [3] adopts a straightforward pipeline: frames
are sampled, and stored in a vector database for similar-
ity search. While effective, uniform frame sampling can
cause significant information loss. Video-RAG [4] en-
hances alignment by jointly modeling visual and textual
semantics for more coherent retrieval. However, its dense
representation leads to high memory usage and slower re-
trieval. Q-Frame [9] improves efficiency through query-
aware frame selection, reducing redundant storage while
maintaining relevance. Yet, it still requires handling large-
scale video data. To address this, MemVid [7] proposes a
memory-enhanced framework that organizes features into
hierarchical memory slots, enabling more compact and
context-aware retrieval for long videos.

Although MemVid improves efficiency in memory con-
struction and retrieval, it assumes videos are composed of
continuous clips. In contrast, our work targets scene-based
reasoning, where semantically related content can be dis-
continuous and scattered across different segments of the
video, posing new challenges beyond existing long video
RAG methods.

E. Implementation Details of Scene-RAG
We implement Scene-RAG using PyTorch. For visual rep-
resentation, we utilize the pre-trained InternVideo2-6B [5]
backbone, frozen during inference. Audio streams are
processed using Qwen-Audio2 [1] to extract captions for
speech and background sound. For the Large Language
Model (LLM) backbone, we employ Qwen3-14B [6]. The
algorithm steps are summarized in Alg. 1.

Hyperparameters. The TV-L1 smoothing utilizes a reg-
ularization weight µ = 0.5. The sensitivity parameter for

Algorithm 1 Scene-RAG Retrieval Pipeline

Require: Video V , user queryQ, parameters µ, α and Lmin
Ensure: Answer A

1: // Stage 1: Scene Tiling
2: Compute the raw similarity sequence s1, . . . , sn from
V

3: x∗ ← argminx

[
1
2

∑
t(xt − st)

2 + λ
∑

t|xt − xt−1

]
.

4: Define the threshold k ← µx∗ + ασx∗

5: Extract scene segments S = {S1, . . . , Sm}where x∗
t ≥

k and |Si| ≥ Lmin
6: // Stage 2: Memory Construction
7: for each segment Si ∈ S do
8: vi ← InternVideo2(Si.visual)
9: ai ← QwenAudio(Si.audio)

10: Memory bankM←M∪ Concat(vi, ai)
11: end for
12: // Stage 3: Query Retrieval & Reasoning
13: Sub-queries {q1, . . . , qp} ← Decompose(Q,Qwen3)
14: Indices I ← ∅
15: for each qj do
16: I ← TopK(I ∪ (Sim(qj ,M)) // Global TopK
17: end for
18: Context C ← Gather(S, I)
19: A ← LLM(Q, C)

scene detection is set to α = 1.5 based on validation set
performance. We filter out short segments with duration
Lmin < 3.0s to minimize noise. For retrieval, we maintain
a memory bank size dynamic to the video length, retrieving
the top-K (K = 10) most relevant scenes for final genera-
tion.



Table 3. Ablation over SceneTiling (α,Lmin) and Scene-RAG
retrieval size K on VideoMME [2]. Model: Longva [8].

Setting TV-L1
α

TV-L1
Lmin(s)

Scene-RAG
K

Avg.
Result Gain

Full Model (Ours) 1.5 3.0 10 62.4 -

α ↓ (0.5) 0.5 3.0 10 61.2 -1.2
α ↑ (2.0) 2.0 3.0 10 61.7 -0.7
Lmin ↓ (2s) 1.5 2.0 10 61.9 -0.5
K ↓ (5) 1.5 3.0 5 62.1 -0.3
K ↑ (15) 1.5 3.0 15 62.0 -0.4

Ablation Study. We conduct a controlled ablation to
isolate the contributions of (i) adaptive scene-sensitivity
thresholding, k = µx + ασx, (ii) TV-L1 smoothing for
scene-tiling continuity (with α = 1.5), and (iii) the number
of retrieved scenes K used during memory-bank retrieval.
First, removing the adaptive thresholding and using a fixed
cutoff leads to a notable drop in scene-boundary accuracy,
confirming that dynamic scaling with α better adapts to lo-
cal motion statistics. Second, disabling TV-L1 smoothing
(with default Lmin = 3) causes fragmented scene bound-
aries and increases false splits, demonstrating the impor-
tance of regularized temporal gradients for stable segmen-
tation. Finally, we vary the top-K retrieved scenes (with
default K = 10) and observe that too small a value under-
utilizes contextual history, while overly large K introduces
irrelevant or noisy scenes. Table 3 summarizes these find-
ings, where we evaluated a grid search of hyperparameters.
We did not exhaustively explore all settings due to the com-
putational cost of the experiments.

F. Labeling Challenges.

Annotating long and complex videos presents significant
challenges, especially for the SceneQA and I-VQA tasks.
Both questions and answers can be ambiguous. For in-
stance, a reference to “the person in red” may corre-
spond to multiple individuals appearing at different times,
while visually similar scenes, such as different classrooms,
can cause confusion when identifying the correct location.
These ambiguities require precise temporal localization and
careful contextual verification. Annotators often need to re-
watch the entire video, confirm spatial and temporal refer-
ences, and cross-check with others to ensure that each ques-
tion–answer pair aligns with a single, unambiguous narra-
tive. On average, annotating one QA pair takes about 36
minutes, excluding the additional time required for review
and verification. If a scene cannot be reliably characterized
due to visual blurring, semantic ambiguity, or unclear nar-
rative boundaries, we will directly abandon annotation for
that scene. This ensures that all scene-level questions in
SceneBench possess clear semantic support and verifiabil-
ity.

G. Ethical Concern and Data Publication
We do not own the video data. Instead, we collect access
to publicly available videos in accordance with their orig-
inal licensing conditions. We make reasonable efforts to
ensure that the collected videos are legally redistributable
and do not contain privacy-sensitive, illegal, or otherwise
inappropriate content. The dataset will be released on Hug-
gingFace.

H. Supplementary Task Examples
We also provide examples of I-VQA, Comment Prediction,
and Title Prediction in Figure 3 and Figure 4.
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Figure 3. Examples QAs of SceneBench. Overview of the problem set.



Figure 4. Examples QAs of SceneBench. Overview of the problem set.
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