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Abstract

Long video understanding presents challenges due to
the inherent high computational complexity and redundant
temporal information. An effective representation for long
videos must efficiently process such redundancy while pre-
serving essential contents for downstream tasks. This paper
introduces SEmantic Attention Learning (SEAL), a novel
unified representation for long videos. To reduce compu-
tational complexity, long videos are decomposed into three
distinct types of semantic entities: scenes, objects, and ac-
tions, allowing models to operate on a compact set of enti-
ties rather than a large number of frames or pixels. To fur-
ther address redundancy, we propose an attention learning
module that balances token relevance with diversity, formu-
lated as a subset selection optimization problem. Our rep-
resentation is versatile and applicable across various long
video understanding tasks. Extensive experiments demon-
strate that SEAL significantly outperforms state-of-the-art
methods in video question answering and temporal ground-
ing tasks across diverse benchmarks, including LVBench,
MovieChat-1K, and Ego4D.

1. Introduction
State-of-the-art video understanding models excell at short
video tasks such as video classification [7, 13], temporal
grounding [38] and action detection [10, 12], which involve
videos lasting from a few seconds to minutes. However,
their performance declines on hour-long videos [40, 41].
In contrast, a 10-year-old child can watch a full-length
movie (one to two hours) and effortlessly answer questions
at various levels of detail. This disparity between humans
and machines emphasizes the foundamental challenges in
long video understanding for AI models, including: (1) In-
creased complexity: Long videos require more computa-
tion and memory than current hardware can support for
training or inference, (2) Temporal redundancy: Slow-
changing scenes and objects introduce significant redun-
dancy, and (3) Cross-task generalization: A robust repre-
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sentation must adapt to various tasks, from fine-grained fact
retrieval to high-level reasoning. These challenges, which
appear trivial for a child, remain challenging for AI models.

How does the human brain process long videos, particu-
larly in addressing the above-mentioned challenges? First,
rather than processing every pixel or frame, the brain selec-
tively attends to new information to efficiently manage tem-
poral redundancy [4, 22]. Second, humans process videos in
an online fashion, continuously updating their understand-
ing and memories as they watch, rather than deferring rea-
soning until the end. This continuous knowledge update,
combined with selective attention, allows the brain to effi-
ciently handle the complexity of long videos. Finally, atten-
tion dynamically shifts based on context. Without specific
guidance, a child may focus on naturally engaging or mem-
orable moments. However, when given specific questions
in advance, attention becomes goal-oriented to seek rele-
vant details while maintaining a broad understanding. This
suggests effective representations should balance between
task-specific focus and holistic understanding of the video
to enable cross-task generalization.

Inspired by how humans process long videos, we intro-
duce SEmantic Attention Learning (SEAL), a novel unified
representation designed to tackle the three key challenges
in long video understanding. SEAL consists of two main
steps: Semantic Decomposition and Attention Learning. In
Semantic Decomposition, long videos are decomposed into
three semantic entities such as scenes, objects, and actions,
which are then treated as tokens. While the scene and ob-
ject tokens represent static content assumed not to change
rapidly, the action tokens are designed to capture the dy-
namic, fast-changing moments of the video. We note that
these semantic tokens efficiently encode the essential infor-
mation needed to answer “where”, “what”, or “how” ques-
tions about the videos. This decomposition significantly re-
duces complexity by allowing AI models to operate on a
compact set of tokens instead of raw pixels or frames. Fig-
ure 1(a) illustrates a conventional uniformly sampled video
V , where redundant frames create cluttered visual infor-
mation that hinders effective analysis for both models and
humans. Figure 1(b) shows our semantic decomposition,



... ... ... ......

(a) Uniform sampling of a long video V

Q2: What does the vlogger family do 

after buying fishing supplies?
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(b) Semantic decomposition of the same video V
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Figure 1. Long Video Representation with Semantic Attention Learning (SEAL): (a) Conventional uniform sampling results in redun-
dant and cluttered visual information, making it difficult for both AI models and human brains to process efficiently. (b) Decomposing long
videos into semantic entities such as scenes, objects, and actions reduces temporal redundancy, thus making model training and inference
more efficient. In this example, the long video V is decomposed into 4 scene tokens (S1–S4), 6 object tokens (O1–O6), and 4 action/event
tokens (A1–A4). (c) Query-aware attention learning module improves downstream task performance by focusing on relevant information
rather than processing everything. Queries (Q1–Q4) are shown with their most relevant tokens. (best viewed in color)

breaking down the video into distinct scenes, static objects,
and dynamic actions. In Attention Learning, we formulate
a subset selection problem that maximizes the query rele-
vance while ensuring token diversity. This step not only
mitigates redundancy but also enhances cross-task gener-
alization by prioritizing the most informative tokens. Fig-
ure 1(c) illustrates our attention learning module with four
different queries and their selected tokens that capture rele-
vance and diverse video content. Finally, SEAL is designed
to work for both global and streaming modes, enabling it
to process arbitrarily long videos. Extensive ablations and
experiments confirm SEAL’s superior performance over ex-
isting methods. Our key contributions include:

• We introduce SEAL, a novel unified representation for
long videos by decomposing them into three semantic to-
kens, namely scenes, objects, and actions.

• Our attention learning module reduces temporal redun-
dancy while supporting strong cross-task generalization.
We show SEAL works in both global and streaming
modes, making it adaptable to arbitrarily long videos.

• SEALoutperforms state-of-the-art methods on various
long video understanding tasks and benchmarks includ-
ing: video QA (MovieChat-1K [33], LVBench [40]), and
egocentric video grounding (Ego4D [8]).

2. Related Work
Recent approaches have unified various video understand-
ing tasks by framing them as video QA tasks [40], lever-
aging the capabilities of LLMs. However, fine-tuning with
task-specific vision heads continues to offer advantages in
memory efficiency and task-specific performance [29], par-
ticularly for temporal grounding. In this section, we review
advancements in Video Question Answering (QA) and tem-
poral grounding for long video understanding.
Video QA for long videos. The main challenge for long
video QA is the memory constraint. He et al. [9] intro-
duced a sequential framework that uses a memory bank to
enhance long-term comprehension. Song et al. [33, 34]
integrated video foundation models with LLMs through
a memory mechanism inspired by the Atkinson-Shiffrin
model, reducing computational complexity while preserv-
ing long-term memory. Another line of work improves
efficiency by decomposing video content. Rui et al. [30]
employed Memory-Propagated Streaming Encoding to seg-
ment videos into short clips, with Adaptive Memory Selec-
tion enhancing response accuracy by identifying question-
relevant memories. Min et al. [24] introduced a multi-stage,
training-free framework, emphasizing task decomposition
into parsing, grounding, and reasoning stages. More re-



cently, Weng et al. [41] proposed a hierarchical framework
that encodes local features and integrates global semantics
for detailed comprehension of extended video content. To
further reduce model’s hallucination in QA, Sun et al. [35]
proposed a question-guided pipeline by focusing on rele-
vant frames and controlled answer generation.
Temporal localization for long videos. Recent research
in temporal localization for long videos has explored two
primary directions: LLM-based and non-LLM-based ap-
proaches. With the advances in LLMs, researchers have
expanded its use beyond traditional VQA, leveraging the
capabilities for temporal grounding tasks, with a primary
focus on enhancing localization accuracy. Ren et al. [32]
proposed a timestamp-aware model that aligns visual con-
tent with temporal cues, enabling adaptive processing of se-
quential events for tasks like localization. Similarly, Fan et
al. [5] introduced a memory-enhanced framework that cap-
tures contextual information across video segments, im-
proving temporal and spatial reasoning. Korbar et al. [15]
developed a text-guided resampling mechanism that dy-
namically selects video segments, focusing on relevant
scenes to enhance temporal and spatial comprehension.

In contrast, non-LLM-based approaches typically rely on
training a regression layer or decoder for temporal localiza-
tion, with efforts concentrated on refining visual features
and multimodal fusion to improve alignment. For instance,
Hou et al. [11] introduced a hierarchical framework that
combines coarse scanning with fine-grained alignment to
optimize both precision and efficiency in localizing target
moments. Pan et al. [28] applied a coarse-to-fine pipeline
for single-pass temporal grounding that improves both effi-
ciency and alignment. Additionally, Mu et al. [26] proposed
a cost-effective late fusion approach paired with a video-
centric sampling scheme to improve scalability.

Unlike prior works that focus on specific tasks,
SEAL proposes a unified and generic framework for long
video understanding, capable of adapting to various predic-
tion heads and tasks. Additionally, SEAL supports both
global and streaming modes, making it adaptable to arbi-
trarily long videos.

3. Semantic Decomposition and Attention
Learning

Let V = {vi}TV
i=1 be an arbitrarily long untrimmed video,

where v1, . . . , vTV
denote the sequence of TV frames form-

ing the video. Let q be a query from long video under-
standing tasks, comprising a sequence of lq tokens. The
query q may take different forms depending on the task,
such as natural language text for video question and an-
swering (e.g., MovieChatQA [33], LVBench [40]) or vi-
sual/text template or action label for episodic memory tasks
in egocentric video understanding (e.g., Ego4D [8]). Our
method establishes a unified video representation to gener-

alize across these diverse long video understanding tasks.
An overview of our approach is presented in Figure 2.

3.1. Semantic Decomposition of Long Videos

The main challenge in long video representation lies in cap-
turing diverse content within limited memory. Conventional
methods resort to frame sampling [42, 44] or maintain-
ing a memory bank that merges similar frames [33, 34].
However, these approaches can vary greatly across tasks.
We propose a novel decomposition approach that structures
long videos into three distinct token types representing dif-
ferent type of semantic entities: (1) Scene tokens Tscene
capture background context, providing essential cues about
the environment. (2) Action tokens Taction represent mov-
ing elements, focusing on temporal information such as mo-
tions, activities, or events. (3) Object tokens Tobject, high-
light key static elements relevant to specific tasks. With this
structured tokenization, we create a unified, compact, task-
agnostic representation that minimizes the need for redun-
dant and dense video storage while preserving a compre-
hensive understanding of long video content.
Scene Tokens. Any frame in a video can serve as a scene
token because it captures the environment where it was
recorded, e.g., indoor gym, outdoor mountain, etc. Al-
though shot boundary detection could split a long video into
shots with one scene token per shot, this approach has two
drawbacks: (1) Shot detection algorithms are often imper-
fect, with no opportunity to correct once shot boundary is
determined. (2) Shot detection often ignores the specific
query and downstream tasks, and thus could cause sub-
optimal performance. To overcome these drawbacks, we
propose a two-step approach. First, we over-sample scene
tokens, and then later perform an attention learning step to
maximize query relevance and token diversity. Specifically,
we uniformly sample Nscene frames to capture a diverse
background. These pre-sampled scene tokens, denoted as
Tscene = [tscenei ]Nscene

i=1 , will undergo another round of atten-
tion learning, detailed in Section 3.2.
Action Tokens. The purpose of the action token is to cap-
ture temporal information of moving objects such as low-
level motions, activities, and events. We begin by using
a class-agnostic object tracker, e.g., SAM-2 [31], to ex-
tract multiple initial dynamic tracklets. Tracklets shorter
than Lmin are discarded, while those longer than Lmax are
split into multiple tracklets with length of Lmax. For each
tracklet, we take the spatial union of bounding boxes across
frames, allowing the dynamic token to capture not only mo-
tion information but also the spatial movement of people
and objects. This process yields Ntracklet tracklets, denoted
as Taction = {τ idynamic}

Ntracklet
i=1 .

Object Tokens. For the object tokens, we utilize a class-
agnostic grouping method such as SAM [14] to generate
masks for all objects in each frame. This class-agnostic
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Figure 2. SEAL Overview. During semantic decomposition, a long video V is decomposed into semantic tokens representing scenes,
objects, and actions. Then, during attention learning, these tokens and the query q, are optimized for query relevance R(·) and token
diversity S(·). The resulting attended token subset is then passed to a vision or an MLLM head for predictions.

segmentation approach enables comprehensive object infor-
mation capture. Specifically, we apply this process on Nkey
key frames. On each of the Nkey frames, we apply SAM
to obtain in total Nobject object masks, which we denote as
Tobject = {Mi

object}
Nobject
i=1 . Key frame selection varies by task

and is detailed in the following sections.

3.2. Attention Learning
Although the long video is decomposed into different to-
ken representations, the resulting tokens are still redundant.
To address this, we propose a sampling approach that bal-
ances between query-relevance and token-diversity, denoted
as Attention Learning. Specifically, we formulate our sam-
pling as an optimization problem with two main objectives:
query-relevance and token-diversity.

T ∗s = argmax
Ts⊂TG

Fs(Ts|TG, q)

= argmax
Ts⊂TG

α
∑
ts∈Ts

R(ts, q)+(1−α)
∑

ti,tj∈Ts,i6=j

1

S(ti, tj)
.

We aim to solve a subset selection problem: find a fixed-
size subset Ts ⊂ TG that maximizes the objective func-
tion Fs(Ts|TG, q). Here, TG represents the set of all to-
kens used, which can be any set of tokens such as scene
Tscene, object Tobject, action Taction, or a combination of all
(Tscene ∪Tobject ∪Taction). q denotes the query being asked
by the downstream understanding task. And, T ∗s denotes
the optimal subset that maximizes Fs. Fs is decomposed
into two terms: R(·) measures the relevance between a vi-

sual token and the query which we compute by encoding
them with the BLIP-2 model [17] and calculating their co-
sine similarity; and S(·) calculates the cosine similarity of
the paired tokens. We note that the first term maximizes the
relevance between selected tokens and the query while the
second term enforces token diversity (via minimizing the
token pairwise similarity). Finally, α is a hyper-parameter
to balance between query-relevance and token-diversity.

3.3. Streaming and Global Mode
Our proposed method offers two ways of representing long
videos: streaming and global. In the global mode, the
model fully “watches” (or processes) the entire video and
then provides a single representation. In contrast, in the
streaming mode, the model processes the video buffer by
buffer and provides an updated representation at any given
time step. The partly-observed video representation can
change over time as the video progresses. This setting sim-
ulates the situation when you watch a movie together with
a child and have interactions with her or him as the movie
is still going on.

In the global model, all tokens undergo a single op-
timization through Attention Leaning, resulting in Tsub,
which includes k tokens. This Tsub is regarded as the repre-
sentation for the entire video. We note that the global mode
may not scale well with arbitrary long videos because all
tokens cannot be fit into a limited memory for sampling.
One can opt to use more aggressive uniform temporal pre-
sampling to reduce the numbers of tokens before Attention
Learning. This workaround can bypass the memory lim-



itation, but may also lead to sub-optimal solutions due to
missing important tokens due to uniform sampling.

Alternatively, we propose an online streaming approach
for representing partly-observed videos. Specifically, we
use a fixed-size sliding window with a size set to the maxi-
mum number of tokens l allowed by memory capacity, de-
noted as T . At each step t, we apply Attention Learning
to the union set of the tokens in the current window Tt and
the previous selected subset of tokens T t−1

sub and obtain the
representation of the video at time T t

sub. At the beginning,
the selected subset is set to empty (T 0

sub = ∅).

T t
sub = Attention Learning(Tt ∪ T t−1

sub ) ∀t > 0. (1)

This streaming mode allows us to use T t
sub as the partly-

observed representation of the video and can be fed into any
prediction head for video understanding tasks. As an imme-
diate benefit of the streaming mode, our proposed represen-
tation now can handle arbitrary long videos.

3.4. Prediction Heads
Our unified representation is adaptable to most long video
understanding tasks using different prediction heads. In this
paper, we demonstrate two specific use cases of our repre-
sentation: one is used with the traditional vision head for
video temporal grounding and the other one is with the Mul-
timodal LLMs (MLLM) head for video QA.
Temporal Grounding with Vision Heads. Given a query
q, the task is to locate the start and end times, tstart and
tend, where the answers could be deduced. We first en-
code the sampled tokens Tsub and the query using encoders
EV and Eq to obtain embeddings for each video token
ziv = EV (Tsubi) and query zq = Eq(q). The cross-modal
fusion is then performed to obtain the fused representation:

zijoint = CrossModalFusion(ziv, zq) (2)

Finally, a moment decoder is applied to predict the start and
end time for the query q. The moment decoder includes a
classification head and a regression head. The classifica-
tion head is used to predict the score piscore of each token,
while the regression head predicts the normalized distances
(distart, d

i
end) from each token to the moment boundaries:

piscore, (d
i
start, d

i
end) = MomentDecoder(zijoint). (3)

The regression and classification heads are optimized using
an IoU distance and a focal loss as used in [25]. The fi-
nal moment is calculated as tistart, t

i
end = (ti − distart) ×

LV , (ti + diend) × LV , where LV is the length of the input
video. The proposed unified representation enables efficient
handling of long video sequences and allows for localiza-
tion related tasks.

Video QA using MLLM Heads. The proposed represen-
tation can also be connected to an MLLM head, making
it applicable to various video QA-related tasks, such as
reasoning, understanding, and summarization. Moreover,
some grounding tasks can also be addressed in a QA format.
Specifically, zv is projected through an MLP to a visual to-
ken TMLLM

v that the MLLM can interpret, which is then in-
put into the MLLM along with text tokens Ttext. Based on
different benchmarks, the MLLM performs multiple-choice
or open-ended answering.

4. Experiments
4.1. Implementation Details

Datasets and metrics. We evaluate SEAL on three
datasets, each selected for its relevance to long video un-
derstanding on different capabilities. LVBench [40] con-
tains 1,549 QA pairs across six tasks, with videos averaging
4,101 seconds (approximate 1 hour 8 minutes). Each ques-
tion presents a single-choice format with four options. Ac-
curacy serves as the evaluation metric for individual tasks
as well as overall performance across all tasks. We primar-
ily focus on this dataset due to its emphasis on hour-long
videos. Moviechat-1K [33] includes 1,000 video clips with
dense captions spanning 15 categories, averaging 564 sec-
onds (about 10 minutes). The benchmark employs LLMs,
specifically GPT-3.5 [27], to evaluate the quality of gener-
ated answers. A rating ranging from 0 to 5 is used to com-
pute the overall score, while a binary preference from the
LLM is used to calculate the accuracy. Ego4D-NLQ [8] is
a part of the Ego4D Episodic Memory challenge for Nat-
ural Language Queries (NLQ) task. This dataset requires
localizing a temporal window where the answers can be de-
duced from untrimmed egocentric videos. It contains 1,259
videos, averaging 10 minutes each. Our experiments apply
memory constraints to simulate long video scenarios. Met-
rics include Top-1 and Top-5 recall at various thresholds.
Experiment setup. We fine-tune the projection layers and
Q-former [17] to adapt to different types of tokens for
20 epochs using the training split of MovieChat-1K. For
Ego4D-NLQ, we use the training split to finetune the vi-
sion heads for 7 epochs. The AdamW optimizer [21] is em-
ployed with default beta values of (0.9, 0.999) and a weight
decay of 0.05. For token extraction, we use SAM2 [31] to
obtain object tokens, YOLOv10-X [37] with BoT-SORT [1]
for action tokens. Scene, action, and object tokens are ex-
tracted at 8, 10, 1 FPS for MovieChat-1K, Ego4D-NLQ and
LVbench. For the LVBench, we follow the settings of In-
ternVL2 and utilize Yi-34B [43]. For MovieChat-1K, we
adopt the same settings as [33] and use Vicuna-7B as [33].
For Ego4D-NLQ, we adhere to the settings specified in
SnAG [25] and use EgoVLP [19] as vision encoder. We
use 0.9 as the default value for the only hyper-parameter α.



Model LLM Size Overall (%) KIR (%) EU (%) Sum (%) ER (%) Rea (%) TG (%)

Qwen2-VL [39] 72B 41.3 38.3 41.1 46.6 38.0 46.5 41.4

InternVL2 [3] 34B 39.6 43.4 39.7 41.4 37.4 42.5 31.4
LLaVA-NeXT [45] 34B 32.2 34.1 31.2 27.6 30.1 35.0 31.4
Oryx [20] 34B 30.4 32.1 29.2 27.6 30.1 34.0 29.1
PLLaVA [42] 34B 26.1 26.2 24.9 25.9 25.0 30.0 21.4

SEAL (Ours) 34B 45.9 51.5 41.3 39.7 47.9 43.3 32.3

Table 1. Comparison with state-of-the-art on LVBench. Our method achieves the highest overall score, with notable gains in Key
Information Retrieval (KIR) and Entity Recognition (ER), demonstrating the effectiveness of our representation in locating key information
and entities by eliminating redundancy. The best methods are highlighted in bold, and the second-best are underlined.

R@1 R@5

Model #Token 0.3 0.5 Avg 0.3 0.5 Avg

SnAG all 15.72 10.78 13.25 38.39 27.44 32.92

SnAG 450 13.44 9.23 11.34 34.02 23.04 28.53
SEAL 450 13.78 9.26 11.52 34.79 23.10 28.95

SnAG 200 10.03 6.35 8.19 26.56 16.90 21.73
SEAL 200 10.83 7.06 8.95 27.39 17.41 22.40

Table 2. Comparisons with SoTA methods on Ego4D-NLQ.
Quantitative results for temporal grounding on Ego4D episodic
memory Natural Language Queries (NLQ) task show our method,
SEAL, consistently outperforms SnAG [25] in all metrics under
memory constraints with varying number of tokens.

4.2. Comparison with State-of-the-arts
We conduct quantitative analysis on LVBench dataset
which contains videos on lengths averaged more than 1
hour. Additionally, we demonstrate the generalizability of
the proposed unified representation using MovieChat-1K,
which has open-ended QA questions on a variety of scenar-
ios, and Ego4D-NLQ, where we use traditional vision de-
coders (LLM-independent) for the temporal grounding task.
LVBench. Table 1 shows the accuracy of our method
on different categories of LVBench dataset [40], demon-
strating that SEAL achieves the highest overall score, no-
tably outperforming even larger models like Qwen2-VL-
72B [39] by 4.6%. Our method excels in Key Informa-
tion Retrieval (KIR) and Entity Recognition (ER), outper-
forming the strongest alternatives by 8.1% and 5.1% re-
spectively. These results highlight that our action and ob-
ject tokens effectively locate key information and entities
by removing redundancies. While larger LLMs often ex-
hibit better performance, this analysis suggests that it is not
the only determinant, and a unified representation like ours
can achieve state-of-the-art results with fewer parameters.

Figure 3 presents a qualitative analysis of SEAL on
LVBench, demonstrating that our approach is able to pay
attention to relevant semantic tokens and make correct an-
swers to different types of questions. SEAL accurately lo-
cates relevant tokens, e.g., identifying the royal family’s
stool color (Q1.a), counting meals eaten (Q2.a), or deter-

Methods Accuracy(%) Score

Zero-shot

VideoChat [18] 61.0 3.34
VideoLLaMA [44] 51.4 3.10
Video-ChatGPT [23] 44.2 2.71
MovieChat [33] 67.8 3.81

TimeChat-Hal [35] 73.8 3.58
Supervised HERMES [6] 84.9 4.40

SEAL (Ours) 86.8 4.35

Table 3. Comparison with SoTA methods on MovieChat-1K.
SEAL outperforms the second best method, HERMES, by 1.9%
on accuracy while being comparable on the score metric.

mining scene or location (Q2.b). We also show a failure
case (Q2.c), where the nuanced “why” question requires
complicated causal relations of different scenes.
Moviechat-1K. Table 3 compares our method with state-of-
the-art methods on MovieChat-1K. We focus on evaluating
performance in the global mode, which assesses the model’s
ability to comprehend information from the entire video,
rather than the breakpoint mode, which primarily evalu-
ates its ability to answer questions related to specific times-
tamps. Our method surpasses all the alternatives, achiev-
ing the highest accuracy and a strong score. Notably, un-
like LVBench, which employs multi-choice questions, this
dataset evaluates generated answers using an off-the-shelf
LLM. This highlights the ability of our learned representa-
tions to effectively transfer to downstream generative tasks,
enabling generating accurate and detailed responses.
Ego4D-NLQ. We also evaluate our approach on the
Ego4D-NLQ task, which differs from previous datasets as
it uses a decoder to locate events for temporal grounding,
rather than relying on an LLM to generate text-based an-
swers. Table 2 shows the results under memory-constrained
conditions, where we limit token numbers to simulate real-
world memory limitations in long video understanding. Our
method consistently achieves the highest recalls across var-
ious thresholds. With further memory constraints (e.g., re-
ducing tokens to 200), SEAL outperforms the current SoTA
method, SnAG [25], by a even larger margin. This demon-
strates the robustness of our unified representation on vari-
ous downstream applications for long video understanding.



What color stool does the royal family sit on? (A) Blue and gold (B) Red and gold (C) Yellow and gold (D) Green and gold

How many meals does the vlogger eat in Seoul? (A) 8 (B) 6 (C) 7 (D) 5

 Where is the vlogger when it comes to day 6? (A) Masan (B) Seoul (C) Muan (D) Busan

Scene
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Action
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(A) Blue and gold 

✅

(A) 8

✅

��

 (D) Busan

✅
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Why does the vlogger do push-ups in hotel?(A) He is in a push-up competition

(B) Hotel asks all guests to do so (C) He eats too much food these days (D) He is engaged in a workout

(D) He is engaged 

in a workout ❌

Correct Answer: (C)

Q1.a

Q2.a

Q2.b

Q2.c

Figure 3. Qualitative results on LVBench. Two long videos visualized with questions, multiple choice options, and SEAL predicted
answers. SEAL attends to relevant entities such as “royal family” and “stool” (Q1.a), different “meals” and “drinks” (Q2.a), “scene” and
“location” (Q2.b) and correctly answers these questions. Although attending to relevant “push-up” activity (Q2.c), SEAL fails to predict
the right answer due to the challenging in the causal reasoning question.

4.3. Ablation Study

Semantic decomposition. We analyze the impact of the
three proposed token types on LVBench (Table 4). To pre-
vent LLMs from leveraging prior knowledge to “guess” an-
swers using only the text query, we present the baseline
that uses random token inputs, isolating the LLM’s perfor-
mance. Results indicate that using each token type indi-
vidually significantly improves performance, highlighting
the value of each token’s contribution. Notably, scene to-
kens provide the most substantial improvement, aligning
with prior research [2, 36, 41] that emphasizes frame-based
scene tokens. Furthermore, different token combinations
yield additional gains: adding action tokens enhances Key
Information Retrieval (KIR), Reasoning (Rea) and Tempo-
ral Grounding (TG) tasks by capturing temporal dynamics
in the queries, while object tokens boost Entity Recogni-
tion (ER) performance by retaining detailed object-specific

information. We observe high variance in the Summariza-
tion (Sum) accuracy due to the small number of questions in
this category and the randomness of LLM. Similar improve-
ments have been observed on the MovieChat-1K in Table 5,
where the accuracy improved by 10.45% with action and
object tokens. Ultimately, using all three token types to-
gether achieves the highest performance, demonstrating the
complementary strengths of scene, action, and object tokens
as a unified representation in long video understanding.

We observe that the latency bottleneck mostly comes
from the tracker when processing multiple objects. Table 6
presents an analysis of different trackers for extracting ac-
tion tokens. While YOLO+BoT-SORT operates in a much
higher frame rate (14 FPS), it lacks open-set detection ca-
pabilities. On the other hand, SAM2 can detect all objects
within a scene but operates significantly slower (8FPS). Our
findings indicate that the proposed action tokens does not



Model Overall KIR EU Sum ER Rea TG

Random tokens 24.8 24.7 25.2 34.5 23.5 26.4 20.9

Action only 34.0 33.3 31.7 36.2 34.3 35.8 33.6
Object only 33.9 34.4 32.6 31.0 33.4 40.8 29.5
Scene only 42.8 50.5 40.6 25.9 44.3 41.3 27.2

Scene+Object 43.4 47.4 40.0 24.1 47.6 42.3 35.5
Scene+Action 44.4 53.3 40.0 24.1 46.2 43.3 38.2

SEAL (Ours) 45.9 51.5 41.3 39.7 47.9 43.3 32.3

Table 4. The effects of different types of tokens on LVbench.
Using any type of tokens outperforms the random baseline, while
applying all three types of tokens brings the best performance.

Method Scene Scene+Object Scene+Action SEAL

Accuracy 76.33 79.49 81.46 86.78
Score 4.15 4.26 4.28 4.35

Table 5. The effects of different types of tokens on MovieChat-
1K. Results are on the test set with our global inference mode.
Using all three types of tokens provides the best accuracy.

require capturing all the objects in the scene. In practice,
YOLO-X pretrained on COCO, with BoT-SORT, effectively
captures essential information for action token extraction,
maintaining a balance between performance and efficiency.
Attention learning. Table 6 highlights the effectiveness of
query relevance and token diversity terms in Section 3.2.
When α=0, the optimization focuses on the diversity term
to capture extensive contextual information for long-video
tasks such as Summarization (Sum) and Reasoning (Rea),
achieving reasonable results comparable to other state-of-
the-art approaches in Table 1. With α = 1, the optimiza-
tion prioritizes the relevance term to reduce redundancy by
sampling tokens that closely align with the query, so perfor-
mance can be improved for tasks like Key Information Re-
trieval (KIR). However, this approach loses global context
and results in weaker summarization performance. Balanc-
ing both terms yields the best overall results.
Streaming mode. We compare the global mode and
streaming mode of our method on LVBench. As discussed
in Section §3, the streaming mode better simulates real-
world scenarios by sequentially processing partial observa-
tions to aggregate information over arbitrarily long videos.
Table 6 demonstrates that streaming mode performs worse
on globally-dependent tasks such as Event Understanding
(EU) and Key Information Retrieval (KIR). However, it ex-
cels in temporally-intensive tasks like Temporal Ground-
ing (TG) and Reasoning (Rea). Notably, streaming mode
still surpasses the most competitive baseline, even when the
baseline uses a significantly larger LLM.
Computational Complexity. We provide an accuracy-
efficiency trade-off comparison in Fig 4 where both SEAL
and InternVL2 are with a varying number of tokens. FPS
is calculated during inference that includes all the process-
ing time from the raw video frames. SEAL reduces the re-

Model Overall KIR EU Sum ER Rea TG

SEAL (Ours) 45.9 51.5 41.3 39.7 47.9 43.3 32.3

rep Yolo w/ SAM2 43.3 51.9 39.9 29.3 46.4 40.3 32.7
⇒ Streaming 44.2 50.9 39.7 37.9 45.0 44.3 34.1
Diversity only 38.7 40.4 38.8 40.0 38.7 40.9 33.7
Relevance only 42.0 48.5 39.9 27.6 44.0 37.3 31.8

Table 6. Ablation studies on LVBench. SEAL defaults to global
mode with YOLO for efficiency, while SAM2 performs similarly.
Global mode excels in long-context tasks, and streaming mode in
temporally-intensive tasks. Combining Relevance and Diversity in
attention learning achieves the best performance.

Figure 4. Accuracy vs. efficiency trade-off on LVBench. SEAL
runs 2-3x faster than InternVL2 at the same accuracy, and is more
accurate when compared at the same FPS.

liance on densely sampled tokens and uses subject-level and
motion aware representations/tokens to improve efficiency
while maintain good accuracy. From Fig 4, at 10 FPS,
SEAL is about 5% more accurate than InternVL2. When
comparing at the same accuracy of 41.5% and 40%, SEAL
is about 3x and 2x faster than InternVL2, respectively.

5. Conclusion and Future Work

We propose SEAL, a novel unified representation for long
video understanding that addresses computational complex-
ity, temporal redundancy, and cross-task generalization.
SEAL leverages semantic decomposition to break videos
into scene, object, and action tokens, reducing redundancy
and enabling efficient processing. It incorporates attention
learning to balance query relevance and token diversity, en-
hancing performance across diverse tasks. SEAL achieves
state-of-the-art results on benchmarks like MovieChat-1K,
LVBench, and Ego4D-NLQ, demonstrating its versatility
and effectiveness for long video understanding.
Limitation. The Attention Learning module is bounded by
the memory constraint for the QP solver, making it not fully
end-to-end trainable. For future work, we plan to integrate
Attention Learning in our streaming mode for full end-to-
end learning. Developing special prediction heads to solve
causal reasoning [16], where MLLM heads showed limita-
tions, is also an interesting area for future exploration.
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