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Abstract
Long video understanding, which leverages Video-LLMs to analyze
and interpret extended video content to extract meaningful infor-
mation, insights, or summaries, is a fundamental task in multimedia
domain. Chain-of-thought (CoT) methods are widely adopted to
enhance long video understanding by incorporating intermediate
reasoning steps. However, the iterative nature of CoT—requiring a
lengthy sequence of internal thoughts—significantly increases the
latency of video object description. To address this challenge, we
design Compressed Scene Graph-enabled CoT (CSGCoT ), a novel
approach that facilitates efficient and accurate long-video object
description. Inspired by video codec principles, we propose a com-
pressed scene graph composed of two components: Key-SG for
key frames and Delta-SG for delta frames, enabling efficient en-
coding of scene information across video segments. Specifically,
CSGCoT comprises three major modules: (1) a Key-SG Detector that
identifies representative segments, (2) a Delta-SG Generator that
produces compensated representations for delta segments, and (3)
a SG-Query Manager that converts scene graphs into natural lan-
guage prompts for video object description. Experiments show that
CSGCoT achieves comparable accuracy to SOTA methods while
reducing latency by over 62.6% on hour-long videos while main-
taining comparable accuracy.
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1 Introduction
In recent years, the advancement of Large Language Models (LLMs)
has significantly transformed the landscape of artificial intelligence,
with video-LLMs emerging as a promising frontier in multimodal
understanding, particularly for complex multimedia tasks involv-
ing long-form video content analysis and comprehension [21]. As
videos increase in length and complexity, such as hour-long videos
with distinct storylines, the demands on computational resources
and reasoning capabilities grow substantially. The temporal di-
mension of videos introduces unique challenges that image un-
derstanding does not face, particularly in maintaining coherent
understanding across extended time periods [22, 48]. These chal-
lenges have motivated researchers to leverage sophisticated reason-
ing approaches, such as Chain-of-Thought (CoT) and agent-based
methods, to enhance the performance of Video-LLMs in complex
understanding tasks [37].

For long video understanding tasks, chain-of-thought has been
widely adopted due to its ability to manage the high complexity and
temporal dependencies inherent in extended video content. CoT
enables Video-LLMs to break down reasoning tasks into a series of
intermediate steps, making the reasoning process more transparent
and often more accurate [4][31].

However, the iterative nature of CoT—requiring a lengthy se-
quence of internal thoughts—significantly increases the latency of
video understanding. Especially for complex long videos, to main-
tain the performance of video understanding, the CoT-enhanced
video-LLM requires sampling and captioning more frames or seg-
ments, resulting in unsatisfactory latency. We demonstrate our
motivation through two initial experiments. Following common cat-
egorizations in the literature [19, 24, 41], we measure three typical
video understanding tasks, i.e., Object Description (OD), Contextual
Retrieval and Detection (CRD), and Temporal Grounding (TG), on
the ALLVB dataset [19], with the widely used CoT (MCTS-CoT [36])
and video-LLM (VideoLLama-2 [2]).

Fig. 1 illustrates the variation in the performance of the CoT-
enhanced video-LLM under different sampling segments per video
(SPV) settings. As the SPV increases, the inference latency grows
from 88.26s to 1310.32s. Despite this substantial computational
investment, task performance shows mixed results: while CRD
and TG tasks demonstrate steady precision improvements with
increased sampling (from 33.45% to 37.9% for CRD and from 21.5%
to 25.7% for TG), OD tasks counterintuitively exhibit a precision
decrease from 37.34% to 34.8%, contradicting the expected gains
from increased sampling density.

While increased sampling can improve accuracy on reasoning
tasks, it leads to decreased efficiency in describing objects accurately
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Figure 1: Impact of sampling settings on task accuracy and
response latency.

Table 1: Repetitive content distribution across different mod-
ules inference.

Module OD-related CRD-related TG-related

Video-LLM 73.2% 17.8% 9.0%
CoT-LLM 52.3% 24.4% 23.3%

throughout lengthy videos. To further investigate this phenomenon,
we conducted additional analysis on repetitive content distribution
(count with tokens). In Tab. 1, we classified and analyzed the dis-
tribution of repetitive tokens generated during inference across
differentmodules. The results show that in standard Video-LLMpro-
cessing, object description-related tokens account for a substantial
73.2% of repetitive content, compared to only 17.8% for contextual
retrieval and 9.0% for temporal grounding. Although the CoT-LLM
demonstrates a more balanced distribution, the high proportion
of redundant object descriptions still indicates inefficient token
utilization, contributing to both increased latency and potential
performance degradation. The underlying reason is that repeated
descriptions of the same objects are generated across each sampled
segment. Videos lengthen and CoT chains expand, redundant ob-
ject descriptions consume an excessive portion of the limited token
window, causing LLMs to forget previously important descriptive
information and slowing inference speed.

To address these challenges, the key solution lies in compressing
object descriptions to reduce redundancy while preserving criti-
cal relational information between objects across video segments.
Scene graphs (SGs) function as structured representations that cap-
ture objects, attributes, and relationships in a compact form [44].
These representations have previously demonstrated effectiveness
in enhancing CoT for image tasks [27]. Drawing inspiration from
keyframe concepts in video encoding, we can apply similar princi-
ples to object representation in long videos by storing complete in-
formation at key points and only changes in between (See in Fig. 2).
Based on these insights, we propose Compressed Scene Graph-
enabled Chain-of-Thought (CSGCoT ), an approach that leverages
temporally encoded SGs to enhance CoT-assisted Video-LLMs. Our
approach represents key temporal segments with complete SGs,
while intermediate segments are described using differential SGs
that only capture changes relative to the keyframes—a technique

Beneath a vast, clear sky, the surface of the sea 
glimmers like a thousand diamonds scattered 
across a blue canvas. On the left side of the frame 
sits a black sailboat, The right side features two 
black sailboats accompanied by a white yacht. 
There is a sailboat race. 

VideoLLaMA 2
As the scene evolves under the same clear sky, the 
surface of the sea glimmers like a thousand 
diamonds scattered across a blue canvas. the 
composition shifts: On the right, two black 
sailboats collide with the white yacht.  There is an 
accident.

VideoLLaMA 2

Segment 003 Segment 005
Before

After

Scene Graph [003], There is a sailboat race. 

VideoLLaMA 2+ DSGCoT

Scene Graph [005], There is an accident.

VideoLLaMA 2+ DSGCoT

DSG [003]: DSG [005]:

Object Attribute Action
Repetitive Content Difference Content

Legend:

boat boat boat

Black Black White boat

reference

smallestaccompanied

collide

Figure 2: Compressed Scene Graph Example for representing
repetitive content.

we term compressed SG. This approach reduces token usage by
structuring object descriptions and facilitating efficient comparison
between consecutive segments. CSGCoT comprises three modules:
(1) Key Scene Graph Detector identifies critical segments and
generates comprehensive SGs, (2) Delta Scene Graph Generator
produces compact change-focused graphs for non-key segments,
and (3) Scene Graph Query Manager converses object descrip-
tions from the SG Memory during reasoning.

Our main contributions are:
• A novel compressed scene graph representation specifically
designed for long video understanding, which efficiently
captures object relationships while minimizing redundancy
across temporal segments.

• Based on this compressed representation, we develop CSG-
CoT , a chain-of-thought framework that reduces inference
latency while maintaining reasoning accuracy for complex
video understanding tasks.

• Experiments show that CSGCoT achieves comparable accu-
racy to SOTA methods while reducing latency by over 62.6%
on hour-long videos, making advanced video understanding
more accessible across diverse computing environments.

2 Related Work
2.1 Multimodal LLM in Long Video

Understanding
Multimodal LLM (MLLM) for video understanding typically accept
both textual queries and video sequences as inputs, producing tex-
tual outputs. With the emergence of hour-scale video datasets [15,
30, 35], research has expanded into long video understanding, char-
acterized by content spanning from 10 minutes to several hours,
containing multiple scenes.
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To address these extended temporal horizons, researchers have
proposed hierarchical encoding approaches [43][25] and memory-
augmented architectures [32][26] for MLLM. The fundamental chal-
lenges extend from understanding visual elements to reasoning
about contextual causality and inferring temporal relationships
between key events.

2.2 Multimodal Chain-of-Thought
The challenge in object description for long videos stems from the
massive volume and redundancy of visual information, necessi-
tating efficient methods to identify and extract question-relevant
visual details. Multimodal Chain-of-Thought (MCoT) and agent-
based approaches mimic human cognitive behaviors [1, 20, 28, 42].

From the rationale construction perspective [28], Multimodal
Chain-of-Thought (MCoT) reasoning can be categorized into three
approaches: (1) prompt-based methods [5, 7, 16, 26, 33, 34] that
utilize carefully designed prompts to guide models in generating
step-by-step reasoning without model modifications; (2) plan-based
methods [9, 39, 45] that enable models to dynamically explore mul-
tiple reasoning paths simultaneously; and (3) learning-based meth-
ods [14, 18, 23, 40, 46] that embed rationale construction directly
within the training or fine-tuning process. Our work addresses effi-
ciency issues in object descriptions within MCoT and benchmarks
against comparable approaches, both falling within the prompt-
based methodology category.

2.3 Scene Graph in Vision Tasks
Scene graph are structured representations that explicitly model ob-
jects, attributes, and relationships within visual scenes [10, 38], orig-
inally developed for image retrieval [27] and generation tasks [11].
They provide a compact, symbolic encoding of visual content that
bridges the gap between raw visual features and natural language
understanding. With the advancement of multimodal LLMs, SGs
were initially employed to enhance LLM comprehension of ob-
ject relationships in static images, as demonstrated in works like
PFVR [12] and RelViT [13]. CCoT [16] leverages SGs to guide step-
by-step reasoning for image QA tasks.

As video understanding research has progressed, SG applications
have extended to Video-LLMs, primarily focusing on accuracy im-
provements. Some works include STEP [17], which extends SGs
to video for the fine-grained visual relations, and VoT [5], which
introduces spatio-temporal SGs for video reasoning. Our work rep-
resents the first application of SGs specifically designed to enhance
reasoning efficiency in video understanding tasks.

3 Method
We propose Compressed Scene Graph-enabled Chain-of-Thought
(CSGCoT ), a framework designed to enhance the efficiency of Video-
LLMs CoT reasoning in long video understanding tasks. As illus-
trated in Fig. 3, CSGCoT integrates into existing CoT-enhanced
Video-LLM frameworks. The conventional workflow involves video
segmentation, caption generation through Video-LLM, memory
storage of textual descriptions, and CoT reasoning for information
retrieval. CSGCoT transforms this process by implementing a struc-
tured SG representation system. Following video segmentation,
the Key Scene Graph Detector identifies critical segments and

generates comprehensive SGs, while the Delta Scene Graph Gen-
erator creates compact differential representations for remaining
segments. The Scene Graph Query Manager handles storage and
retrieval during CoT reasoning, converting complete descriptions
when necessary for final output generation.

3.1 Key Scene Graph Detector
The Key Scene Graph Detector (KSGD) identifies semantically sig-
nificant video segments and generates comprehensive SGs for key
moments. KSGD employs a selective strategy inspired by video
keyframe encoding techniques, focusing on segments with signifi-
cant visual information or state changes.

3.1.1 Key Segment Detection. Given a video 𝑉 segmented into 𝑛
temporal segments 𝑆 = {𝑠1, 𝑠2, ..., 𝑠𝑛}, KSGD evaluates segment
significance using a dual-criteria mechanism:

𝐾 (𝑠𝑖 ) = 𝛼 · 𝐼 (𝑠𝑖 ) + (1 − 𝛼) ·𝐶 (𝑠𝑖 , 𝑠𝑖−1) (1)

where 𝐼 (𝑠𝑖 ) represents the information density within segment
𝑠𝑖 , 𝐶 (𝑠𝑖 , 𝑠𝑖−1) quantifies the visual state change from the previous
segment, and 𝛼 (𝑠𝑖 ) is an adaptive weight determined by:

𝛼 (𝑠𝑖 ) = 𝜎
(
𝐶

𝐼
· 𝐼 (𝑠𝑖 )
𝐶 (𝑠𝑖 , 𝑠𝑖−1) + 𝜖

)
(2)

where 𝐼 and 𝐶 represent the mean information density and change
metrics across all segments, 𝜖 is a small constant to prevent divi-
sion by zero, and 𝜎 (𝑥) = 1/(1 + 𝑒−𝑥 ) is the sigmoid function that
constrains 𝛼 (𝑠𝑖 ) to the range (0, 1). This formulation automatically
assigns higher weight to information density when it is significantly
more prominent than visual change, and vice versa.

For information density estimation, we utilize the Video-LLM’s
captioning capabilities to quantify visual richness:

𝐼 (𝑠𝑖 ) =
1

|𝑂𝑖 |
∑︁
𝑜∈𝑂𝑖

Conf(𝑜, 𝑠𝑖 ) (3)

where 𝑂𝑖 represents the set of objects detected in segment 𝑠𝑖 , and
Conf(𝑜, 𝑠𝑖 ) measures the confidence score for object 𝑜 in segment
𝑠𝑖 based on the Video-LLM’s captioning output.

The change metric𝐶 (𝑠𝑖 , 𝑠𝑖−1) is computed by comparing caption
embeddings:

𝐶 (𝑠𝑖 , 𝑠𝑖−1) = 1 − cos(𝑒 (𝑠𝑖 ), 𝑒 (𝑠𝑖−1)) (4)

where 𝑒 (𝑠𝑖 ) denotes the embedding of the caption for segment 𝑠𝑖
generated by the Video-LLM, and cos(·) represents cosine similar-
ity.

3.1.2 Key Scene Graph Generation. Once a key segment is iden-
tified, KSGD generates a complete SG (key SG) representation
𝐺𝑘 = (𝑉𝑘 , 𝐸𝑘 , 𝐴𝑘 ), where 𝑉𝑘 = {𝑣1, 𝑣2, ..., 𝑣𝑚} represents object
nodes; 𝐸𝑘 = {𝑒𝑖 𝑗 } represents relation edges between objects 𝑣𝑖 and
𝑣 𝑗 ; 𝐴𝑘 = {𝑎𝑖 𝑗 } represents attribute nodes.

The SG construction employs a structured prompt template 𝑃𝑆𝐺
implemented as:
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Media Input: a row long video

Question: descript what 
happened to the smallest boat?

Segment 1 Segment 2 Segment 3

Segmentation Memory

[SG 1]+ Connection

[SG 2]+ Connection

[SG 3]+ Connection

Reasoning 1

Reasoning 2

Reasoning 3

Answer: The white boat 
collides with the sailboat.

DSG Memory
Key SG 

Generation
Differential 
Detection

Delta SG 
Generation

Key Segment Detection

Q: What color is 
the smallest boat

Smallest boat in 
[003] SG

Language

Querying

A: White

Conversion

Answer: The white boat is
Sailing on the Sea.

Correct

False

CoT or Agent

Key-SG 1 Delta-SG 2 Delta-SG 3

Key-SG Delta-SG
&

Key Scene Graph Detector
Delta Scene Graph Generator
Scene Graph Query Manager

Data Flow

Figure 3: Overview of the Compressed Scene Graph in general Video-LLM CoT.

𝑃𝑆𝐺 : Given the video segment {𝑠𝑖 }, generate a structured
SG with the following components:
1○ Background: List all background elements and their at-
tributes;
2○ Foreground: List all foreground objects and their at-
tributes;
3○ Actions: Describe relationships and interactions between
objects.
Please ensure adherence to constraints 𝐶𝑐𝑜𝑚𝑝 and 𝐶𝑐𝑜𝑛𝑠 .

where two exemplar constraints are:

𝐶𝑐𝑜𝑚𝑝 : The graph must capture all visually significant ele-
ments in the scene.
𝐶𝑐𝑜𝑛𝑠 : Use consistent naming conventions for objects that
appear across multiple segments.

The implementation of the SG generation function can be for-
mulated as:

𝐺𝑘 = VideoLLM(𝑃𝑆𝐺 , 𝑠𝑖 ) (5)

This categorization into background and foreground elements
is motivated by the relative stability of background objects, which

facilitates subsequent information compression. The resulting SG
undergoes normalization to ensure consistent object naming and
relation predicates.

Fig. 4 illustrates a SG generated for a sailboat video segment. In
the visualization, blue elements represent background components
(such as "clear sky"), orange elements indicate foreground objects
(including the sailboats with their attributes like "black" and "left"),
and red elements denote actions and relationships (such as the
"accompanied" relationship between vessels).

3.2 Delta Scene Graph Generator
After the key-SG Detector identifies critical segments that warrant
complete SG representation, the remaining segments—termed delta
segments—require a more efficient representation strategy. The
Delta Scene Graph Generator (DSGG) addresses this need by creat-
ing compact, change-focused SGs that only capture modifications
relative to the nearest key segment, significantly reducing token
consumption while preserving semantic continuity.

3.2.1 Differential Detection. Given a delta segment 𝑠𝛿 and its tem-
porally nearest preceding key segment 𝑠𝑘 with corresponding key
SG 𝐺𝑘 = (𝑉𝑘 , 𝐸𝑘 , 𝐴𝑘 ), the DSGG’s objective is to generate a delta
SG 𝐺𝛿 = (𝑉𝛿 , 𝐸𝛿 , 𝐴𝛿 ) that exclusively represents the elements that
have changed:
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Segment t Segment t+n

boat boat boat

Black Black White

DSG [003]:
Attribute: {Keyframe}
Object:
• {Scene: [A:"clear sky"]};
• {Sailboat: [A:"left", "black"; B:" 

right", "black”; C: "smallest", 
"black","right"}

• {Yacht:[A:"white"]};
Action:
• {[Sailboat: B, C] ["accompanied"] 

[Yacht: A]}

DSG [004]:
Attribute: {reference [003]}
Deleted:
• {[Sailboat: A]}
Changed:
• {[Sailboat: B, C]

["collide"] [Yacht: A]}

boat

reference
smallestaccompanied collide

Object Attribute
Action Deleted

Figure 4: Compressed Scene Graph example.

𝐺𝛿 = Fdiff (𝑠𝛿 , 𝑠𝑘 ,𝐺𝑘 ) (6)

where Fdiff is a differential analysis function implemented through
structured prompting of the Video-LLM. Specifically, we instruct
the model to focus on detecting changes across five categories:

𝛿 = {𝛿appear, 𝛿disappear, 𝛿attribute, 𝛿relation, 𝛿position} (7)

where𝛿appear represents new objects appearing in the scene,𝛿disappear
denotes objects no longer present, 𝛿attribute captures changes in ob-
ject attributes, 𝛿relation identifies modified relationships between
objects, and 𝛿position tracks significant spatial repositioning of per-
sistent objects.

3.2.2 Delta Scene Graph Generation. To efficiently extract these
changes, we prompt the Video-LLM with a specialized instruction
template 𝑃𝛿 implemented as:

𝑃𝛿 : Given the video segment {𝑠𝛿 } and reference SG {𝐺𝑘 },
identify only the changes that have occurred. Focus on:
1○ New objects that have appeared;
2○ Objects that have disappeared;
3○ Changes in object attributes;
4○ Modified relationships between objects;
5○ Significant spatial repositioning.
Please ensure adherence to constraints 𝐶𝑚𝑖𝑛 and 𝐶𝑟𝑒 𝑓 .

where two exemplar constraints are:

𝐶𝑚𝑖𝑛 : Include only elements have changed from the {𝐺𝑘 }.
𝐶𝑟𝑒 𝑓 : Maintain clear references to objects in the 𝐺𝑘 .

The implementation of the differential SG generation function
can be formulated as:

𝐺𝛿 = VideoLLM(𝑃𝛿 , 𝑠𝛿 ,𝐺𝑘 ) (8)

The resulting delta SGmaintains references to the key SG through
directional edges, creating an incomplete but connected graph struc-
ture. For newly appearing objects 𝑣new ∈ 𝑉𝛿 , we add them as
complete nodes with their attributes. For persistent objects that
experience attribute or relation changes, we create partial nodes
with single-directional reference edges pointing to their complete
counterparts in the key SG:

𝐸ref = {(𝑣𝛿𝑖 → 𝑣𝑘𝑗 ) |𝑣
𝛿
𝑖 ∈ 𝑉𝛿 , 𝑣𝑘𝑗 ∈ 𝑉𝑘 , id(𝑣𝛿𝑖 ) = id(𝑣𝑘𝑗 )} (9)

where id(𝑣) represents the unique identifier of an object node,
enabling cross-graph references.

Fig. 4 illustrates this concept with a delta SG (labeled as DSG
[004]) that references a previous key SG (DSG [003]). In this ex-
ample, the delta SG captures three key changes: the disappearance
of Sailboat A, a collision between Sailboats B and C with Yacht
A (replacing the previous "accompanied" relationship), and main-
tains referential links to unchanged elements in the key SG. In the
visualization, these reference links are depicted as directed edges
connecting to corresponding nodes in the key SG, eliminating the
need to duplicate unchanged information.

The token efficiency gain of delta SGs is particularly pronounced
when consecutive delta segments exhibit minimal changes. Mathe-
matically, the token reduction ratio 𝑅 can be expressed as:

𝑅 = 1 −
∑
𝑖∈𝛿 |𝐺𝛿𝑖 |∑
𝑖∈𝛿 |𝐺full𝑖 |

(10)

where |𝐺𝛿𝑖 | represents the token count of the delta SG for segment
𝑖 , and |𝐺full𝑖 | is the token count of a hypothetical full SG for the
same segment. In our experiments, this ratio typically ranges from
0.4 to 0.7.

3.3 Scene Graph Query Manager
The Scene Graph Query Manager (SGQM) completes our CSGCoT
framework by storing, retrieving, and converting SGs to support
the CoT reasoning process. After generation, both key SGs and
delta SGs are stored in a structured repository called SG Memory.

3.3.1 Scene Graph Memory and Query. The SGQM operates on
a query-based retrieval paradigm. Each SG stored in SG Memory
is indexed with a unique identifier that corresponds to its video
segment:

SG_Memory = {(𝑖𝑑1,𝐺1), (𝑖𝑑2,𝐺2), ..., (𝑖𝑑𝑛,𝐺𝑛)} (11)

where 𝑖𝑑𝑖 is the unique identifier for SG 𝐺𝑖 .
The implementation of the query function can be formulated as:
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𝑄𝑆𝐺 : Given the SG identifier {𝑖𝑑𝑖 } referenced in the CoT
reasoning process, retrieve the corresponding SG from SG
Memory and determine whether conversion is required.
If𝐺𝑖 is a key SG, return it directly. If𝐺𝑖 is a delta SG, perform
conversion using its reference key SG before returning.

3.3.2 Scene Graph Conversion. When the CoT process requires
detailed visual information about a specific segment, it includes the
embedded SG identifier in its query. The SGQM intercepts these
queries and processes them according to the following retrieval
algorithm:

𝐺retrieved =

{
𝐺𝑘 if 𝐺requested is a key SG
R(𝐺𝛿 ,𝐺𝑘 ) if 𝐺requested is a delta SG

(12)

where R represents the conversion function that completes a delta
SG by incorporating information from its corresponding key SG.
This conversion process follows a graph merging operation:

R(𝐺𝛿 ,𝐺𝑘 ) = (𝑉𝑘∪𝑉𝛿\𝑉disappeared, 𝐸𝑘∪𝐸𝛿\𝐸changed, 𝐴𝑘∪𝐴𝛿\𝐴changed)
(13)

where 𝑉disappeared, 𝐸changed, and 𝐴changed represent nodes, edges,
and attributes that have been modified or removed according to
the delta SG.

The conversion process resolves reference edges by replacing
them with the complete subgraphs from the key SG, ensuring that
the resulting SG contains comprehensive information about all
relevant objects and their relationships.

3.3.3 Natural Language Conversion. For CoT operations that re-
quire natural language descriptions rather than structured graph
representations, the SGQM includes a graph-to-text conversion
module. This module transforms the structured SG into fluent nat-
ural language through a template-based approach enhanced by the
Video-LLM’s language capabilities:

Text𝐺 = F𝐺2𝑇 (𝐺retrieved) = F𝐺2𝑇 (B(𝐺), F (𝐺),A(𝐺)) (14)

where F𝐺2𝑇 represents the graph-to-text conversion function, and
B(𝐺), F (𝐺), and A(𝐺) extract the background, foreground, and
action components from the SG, respectively.

The implementation of conversion function is formulated as:

F𝐺2𝑇 : Given the converted SG {𝐺retrieved}, generate a coher-
ent natural language description that captures all significant
elements:
1○ Describe the background scene elements first;
2○ Introduce foreground objects with their attributes;
3○ Articulate the relationships and actions between objects.

4 Evaluation
4.1 Evaluation Setup
Our work focuses on efficiency improvements, making it suitable
for edge computing or local deployment scenarios. Therefore, we
assess the performance of our technique using a testbed equipped
with two NVIDIA RTX 3090 GPUs and an AMD Ryzen 9 5900X CPU,

Table 2: Comparison of Long Video QA Datasets

Dataset #Videos Avg.Len.(min) OD-Type Tasks

EgoSchema [15] 5,063 3 —
MoVQA [41] 100 16.53 SP
MLVU [47] 1,334 12 NQA, SSC
Video-MME [6] 900 17 AR, OR, AP
LV Bench [24] 103 68 ED, AR, SP
ALLVB [19] 1,376 114.62 SR, ODT, AR, VCap

running on Ubuntu 20.04 LTS. The source code can be accessed at
https://github.com/helloLT/CSGCoT/.

4.1.1 Backbone Models. To evaluate CSGCoT ’s performance and
generalizability, we use VideoLLaMA-2 [2] as the visual percep-
tion model and tested with different large language models as CoT
reasoning backbones. This approach demonstrates that our method
is model-agnostic and effective across different architectures. Specif-
ically, we employed Vicuna-7B [3] for fair comparisons with other
works, and LLaMA-3.1-8B [8], which is an improved version of
Meta’s third-generation LLaMA model offering enhanced perfor-
mance (denoted with (*) in Tab. 3). For fair comparison, the bench-
mark methods are implemented using identical backbone models.

4.1.2 Datasets. We evaluate CSGCoT using recent multimodal
question answering (QA) of long video datasets with durations
ranging from 3 minutes to over 2 hours. In ascending order of aver-
age length, these include EgoSchema [15], MLVU [47], MoVQA [41],
Video-MME [6], LV Bench [24], and ALLVB [19], as summarized
in Tab. 2.

For identifying Object Description (OD) tasks, we employed
two approaches. First, we manually selected OD-related subtasks
based on official data split, including Spatial Perception (SP), Needle
Question-Answering (NQA), Sub-Scene Captioning (SSC), Action
Recognition (AR), Object Recognition (OR), Attribute Perception
(AP), Entity Detection (ED), Scene Recognition (SR), Object Detec-
tion, Tracking (ODT) and Video Captioning (VCap). Second, for fair
comparison across all datasets (including EgoSchema which lacks
predefined categories), we implemented automatic task classifica-
tion using GPT-4o to systematically identify OD-type tasks.

4.1.3 Evaluation metrics. To evaluate the performance and effec-
tiveness of CSGCoT and benchmark methods, we consider two
primary metrics: (1) Accuracy, which is the percentage of correctly
answered questions, measuring the method’s performance in pro-
ducing correct responses; (2) Latency, which is the time elapsed
from question input to answer generation, measuring the method’s
computational efficiency.

4.1.4 Benchmark methods. We compare CSGCoT with the follow-
ing SOTA prompt-based MCoT reasoning methods:

• VideoCoT [29]: A prompt-based Video-CoT reasoningmethod
that uses structured visual representations (FAMOuS). We
maintain the same parameters as in the original paper.

• VideoAgent [26]: An efficiency-focused prompt-based Video-
CoT reasoningmethod that emphasizes processing reasoning
problems in long videos with limited frames. It represents a
STOA approach balancing efficiency and precision.
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Table 3: Performance comparison of different methods across various video understanding benchmarks.

Method
without subtitle with subtitle

EgoSchema MLVU LV Bench Video-MME MoVQA ALLVB

Acc.(%) Latency(s) Acc.(%) Latency(s) Acc.(%) Latency(s) Acc.(%) Latency(s) Acc.(%) Latency(s) Acc.(%) Latency(s)

VideoCoT [29] 34.3 38 44.9 87 30.1 373 61.7 117 43.4 115 34.7 563
VideoCoT [29] 37.7 53 48.1 115 35.4 517 65.4 165 46.9 154 40.8 782
VideoAgent [26] 46.7 31 46.2 25 38.6 163 63.3 37 45.1 31 43.9 119
VideoAgent* [26] 53.2 28 51.9 33 38.2 195 68.7 47 50.3 39 43.6 162
VoT [5] 49.8 22 54.6 54 41.3 211 72.3 78 53.4 69 45.5 352
VoT* [5] 52.2 30 56.7 75 42.9 393 76.8 107 57.3 97 54.3 588
CSGCoT 49.3 18 52.9 49 41.5 168 70.1 65 52.8 66 45.2 148
CSGCoT* 52.7 25 56.2 62 43.8 260 75.6 85 55.9 82 55.3 220

• VoT [5]: Amethod using spatiotemporal scene graphs (STSG),
providing a comparison of different design directions with
similar technical approaches. The visual perception model
remains ViT-L/14 as in the original implementation, with
parameters matching the original recommendations: 8fps
sampling rate with LoRA technology.

4.2 Overall Performance Comparison
Tab. 3 presents a comprehensive comparison of CSGCoT against
SOTAmethods across long video understanding benchmarks, which
are categorized into videos without subtitles (EgoSchema, MLVU,
LV Bench) and with subtitles (Video-MME, MoVQA, ALLVB).

4.2.1 Accuracy Performance in Long Video Understanding. For accu-
racy performance, CSGCoT and VoT demonstrate superior accuracy
compared to VideoCoT and VideoAgent across all benchmarks.
When compared with VoT, which achieves the highest accuracy on
several benchmarks, CSGCoT shows competitive performance with
only a marginal 1-3% accuracy difference in most datasets. CSG-
CoT* achieves 43.8% accuracy on LV Bench and 55.3% on ALLVB,
outperforming VoT* (42.9% and 54.3%, respectively). This suggests
that CSGCoT exhibits particular strengths in hour-long videos.

4.2.2 Efficiency Performance in Long Video Understanding. For effi-
ciency performance,CSGCoT andVideoAgent demonstratemarkedly
lower latencies compared to VideoCoT and VoT across all bench-
marks. In comparison to VideoAgent, CSGCoT demonstrates only a
modest increase in latency (within 10% for most benchmarks) while
delivering substantially higher accuracy. For instance, on MLVU,
CSGCoT achieves 52.9% accuracy with 49s latency compared to
VideoAgent’s 46.2% accuracy with 25s latency—a 6.7% accuracy
improvement with reasonable latency trade-off.

The efficiency advantage of CSGCoT becomes especially evident
in hour-long videos such as LV Bench and ALLVB. On LV Bench,
CSGCoT achieves a latency of 168s, approaching VideoAgent’s
163s while offering significantly better accuracy (41.5% vs. 38.6%).
Similarly, on ALLVB, CSGCoT maintains a competitive latency of
148s compared to VideoAgent’s 119s, while delivering superior
accuracy (45.2% vs. 43.9%).

The contrast between CSGCoT and VoT in terms of latency fur-
ther validates our approach. While both methods leverage SG repre-
sentations, CSGCoT reduces computational overhead. For example,
on ALLVB, CSGCoT* achieves 55.3% accuracy with 220s latency,
while VoT* reaches 54.3% accuracy with 588s latency—a mere 1%
accuracy difference with a 62.6% reduction in processing time.

4.3 Object Detection Task Performance
Comparison

Tab. 4 presents performance comparisons on OD tasks across bench-
marks. The table is divided into manual data split (based on datasets’
official OD task categorizations) and automatic data split (using
LLM for consistent classification across datasets), enabling both
comparison with prior work and fair cross-dataset evaluation.

4.3.1 Accuracy Performance in Object Detection Tasks. CSGCoT
demonstrates superior accuracy across most datasets in both split
settings. In themanual split, CSGCoT * achieves the highest accuracy
on all benchmarks: 59.0% on MLVU, 47.2% on LV Bench, 78.4% on
Video-MME, 59.3% onMoVQA, and 57.6% onALLVB, outperforming
other approaches by margins of 8.7-18.7%.

When compared with VoT, CSGCoT shows consistent improve-
ments, especially on longer videos. For instance, CSGCoT* out-
performs VoT* by 3.1% on MLVU and 4.9% on both LV Bench and
ALLVB. In the automatic split setting, CSGCoT * achieves highest ac-
curacy on five of six datasets, with comparable performance (55.3%
vs. 55.9%) to VideoAgent* on EgoSchema.

4.3.2 Efficiency Performance in Object Detection Tasks. In the man-
ual split, CSGCoT delivers the lowest latency on LV Bench (170s)
while outperforming all methods in accuracy. For efficiency-accuracy
tradeoffs, key examples include MLVU, where CSGCoT achieves
10.7% higher accuracy than VideoAgent with just 16s additional
latency (56.3% at 54s vs. 45.6% at 38s), and MoVQA, where a 13.3%
accuracy gain comes with reasonable additional processing time
(57.6% at 73s vs. 44.3% at 36s).

In the automatic split, CSGCoT achieves the lowest latency on
EgoSchema (20s) and maintains competitive efficiency across all
datasets. The advantage becomesmore pronounced on longer videos:
on ALLVB, CSGCoT maintains 196s latency (vs. VideoAgent’s 145s)
while delivering substantially higher accuracy (49.8% vs. 40.3%).
Compared to VoT, CSGCoT demonstrates efficiency gains across all
datasets. On ALLVB, CSGCoT * achieves 4.9% better accuracy with
56.6% reduced processing time (57.6% at 254s vs. 52.7% at 585s).

4.4 Ablation Study
To investigate the impact of each component in CSGCoT , we con-
ducted ablation studies on three keymodules using both the EgoSchema
dataset and the ALLVB dataset. Tab. 5 presents the results.

4.4.1 Study on Key Scene Graph Detector. We evaluated the impact
of different SG generation algorithms for the key-SG detector by
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Table 4: Performance comparison of different methods across object description tasks.

EgoSchema MLVU LV Bench Video-MME MoVQA ALLVB

Acc.(%) Latency(s) Acc.(%) Latency(s) Acc.(%) Latency(s) Acc.(%) Latency(s) Acc.(%) Latency(s) Acc.(%) Latency(s)

OD tasks with manual data split

VideoCOT [29] - - 43.1 100 29.2 430 59.8 135 42.5 132 33.4 645
VideoCOT* [29] - - 46.3 115 33.7 515 63.2 160 45.8 150 38.9 780
VideoAgent [26] - - 45.6 38 37.5 185 61.9 55 44.3 36 41.2 140
VideoAgent* [26] - - 50.3 28 41.8 210 66.5 43 49.1 45 46.2 185
VoT [5] - - 53.2 62 40.1 245 70.8 92 52.6 81 47.3 405
VoT* [5] - - 55.9 75 42.3 390 74.1 105 55.8 95 52.7 585
CSGCoT - - 56.3 54 45.7 170 73.9 72 57.6 73 50.5 173
CSGCoT* - - 59.0 69 47.2 247 78.4 94 59.3 91 57.6 254

OD tasks with automatic data split

VideoCOT [29] 36.8 44 44.7 107 28.1 449 58.3 142 43.9 138 32.6 658
VideoCOT* [29] 39.6 62 47.5 127 32.9 535 61.8 175 46.3 163 37.4 812
VideoAgent [26] 49.1 36 47.2 42 35.9 193 59.6 58 46.1 39 40.3 145
VideoAgent* [26] 55.9 33 53.8 33 39.7 218 63.1 47 51.4 48 45.9 203
VoT [5] 52.3 26 55.8 68 38.4 261 67.3 97 54.7 86 47.6 422
VoT* [5] 52.2 30 56.3 82 41.7 409 73.8 112 55.1 103 53.9 602
CSGCoT 51.8 20 58.7 59 44.3 197 72.9 77 56.8 79 49.8 196
CSGCoT* 55.3 28 61.4 75 45.7 302 78.1 101 58.3 98 57.9 286

Table 5: Performance comparison in ablation study. The bot-
tom line is the component of our method.

(a) Study on Key Scene Graph Detector

Method EgoSchema ALLVB
Acc.(%) Latency(s) Acc.(%) Latency(s)

SG (CCoT) 51.1 27 54.1 269
STSG (VoT) 53.9 27 55.7 277
Key SG 53.7 25 55.3 220

(b) Study on Delta Scene Graph Generator

Method EgoSchema ALLVB
Acc.(%) Latency(s) Acc.(%) Latency(s)

Full SG 51.5 25 52.9 490
Static SG 50.1 31 51.8 429
Delta SG 52.7 25 55.3 220

(c) Study on Scene Graph Query Manager

Method EgoSchema ALLVB
Acc.(%) Latency(s) Acc.(%) Latency(s)

w/o Recons. 51.0 25 53.8 203
Full Recons. 53.2 31 56.0 391
Sel. Recons. 52.7 25 55.3 220

comparing our approach (Key SG) with two alternatives: a static
image-based SG used in CCoT [16] and a spatial-temporal scene
graph (STSG) employed in VoT [5]. Our key-SG approach shows
minimal accuracy trade-offs (0.2-0.4% reduction) while achieving
significant efficiency improvements, particularly on ALLVB with
a 20.6% reduction in latency (220s vs. 277s). This efficiency stems
from selectively capturing only critical information at key frames,
effectively balancing accuracy and computational demands.

4.4.2 Study on Delta Scene Graph Generator. To evaluate the ef-
fectiveness of our delta-SG generator, we compared our approach
(Delta SG) with two alternative strategies: generating a complete

SG for each segment (Full SG) and reusing the previous key SG in-
formation without updates (Static SG). Delta SG outperforms both
alternatives in accuracy and efficiency, achieving 1.2-2.4% higher
accuracy than Full SG while reducing latency by up to 55.1% on
ALLVB (220s vs. 490s). Compared to Static SG, Delta SG delivers
2.6-3.5% better accuracy with improved latency across both datasets,
validating our approach of preserving essential information while
minimizing redundancy.

4.4.3 Study on Scene GraphQuery Manager. We investigated dif-
ferent strategies for reconstructing SGs into natural language de-
scriptions in our SG Query Manager. We compared our selective
reconstruction approach (Sel. Recons.) with two alternatives: omit-
ting reconstruction entirely (w/o Recons.) and performing full re-
construction for all SGs (Full Recons.). While Full Recons. achieves
slightly higher accuracy (+0.5-0.7%), it increases latency by 24-77.7%.
Conversely, w/o Recons. offers similar efficiency but reduces ac-
curacy by 1.5-1.7%. Our selective reconstruction achieves nearly
the same speed as w/o Recons. while maintaining accuracy close
to Full Recons. by only reconstructing SGs that directly contribute
to answer generation, demonstrating an optimal balance between
computational efficiency and reasoning accuracy.

5 Conclusion
We introduced CSGCoT , an approach that leverages compressed
SGs to enhance CoT reasoning for long video understanding. By
employing key segment representation and differential encoding for
intermediate frames, our method reduces computational demands
while preserving semantic information. We assess the performance
of our technique in edge computing or local deployment scenarios,
and experiments show that CSGCoT achieves comparable accuracy
to SOTA methods while reducing latency by over 62.6% on hour-
long videos.
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