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Abstract

Understanding long-form video content presents significant challenges due to its
temporal complexity and the substantial computational resources required. In this
work, we propose an agent-based approach to enhance both the efficiency and
effectiveness of long-form video understanding by utilizing large language models
(LLMs) and their tool-harnessing ability. A key aspect of our method is query-
adaptive frame sampling, which leverages the reasoning capabilities of LLMs to
process only the most relevant frames in real-time, and addresses an important limi-
tation of existing methods which typically involve sampling redundant or irrelevant
frames. To enhance the reasoning abilities of our video-understanding agent, we
leverage the self-reflective capabilities of LLMs to provide verbal reinforcement
to the agent, which leads to improved performance while minimizing the number
of frames accessed. We evaluate our method across several video understanding
benchmarks and demonstrate that not only it enhances state-of-the-art performance
but also improves efficiency by reducing the number of frames sampled.

1 Introduction

Recent advancements in video understanding have been significantly driven by end-to-end pretrained
large transformer models, particularly those built upon large language models (LLMs) [16} [15]],
known as multimodal LLMs. Despite these advancements, comprehending long form videos remains
a considerable challenge due to prohibitive computational costs and suboptimal performance [2].
Various approaches have been proposed to extend the temporal context of video transformers,
including techniques such as masking, attention approximations, and parametric memory modules (e.g.
[36], [24]). However, these methods often add complexity by necessitating specialized architectures
and training paradigms [30].

Efficient video processing requires strategic selection of relevant frames from the total video sequence
[S,13]]. Traditionally, methods in this domain mostly rely on uniform sampling [43\ 30] or selective
retrieval from a subset of sampled frames [3| 33]. While these techniques improve processing
efficiency by reducing the number of frames, they often lack adaptability, leading to potential
redundancy.

To address the above shortcomings, here we propose a novel approach that leverages LLMs as
adaptive agents for video understanding tasks. Our method utilizes the advanced reasoning, planning,
and tool-use capabilities of LLMs ([20, 48, 128]]) to enhance sampling efficiency while maintaining
robust performance in video understanding tasks. Specifically, our approach leverages a LLM-based
agent that dynamically determines which frames to sample based on the specific context and query.

*Work done during an internship at Amazon AGI

38th Conference on Neural Information Processing Systems Multimodal Algorithmic Reasoning Workshop
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Figure 1: Comparison of methods: Our proposed method (c) is query adaptive, dynamically selecting frames
based on query and video input to construct a responsive memory. In contrast, previous methods, including (a)
Naive agents and (b) Agents with pre-constructed memory, do not adapt to specific queries or utilize memory
dynamically. We demonstrate that dynamically sampling frames have advantage over different set of benchmarks.

This method ensures that frame selection is both relevant and efficient, effectively mitigating the
limitations of static sampling methods.

Our approach draws inspiration from research indicating that humans strategically allocate attention
and filter out irrelevant details based on the task at hand [[11} 8l 26]. For example, when asked "What
is the main goal of the camera wearer in this video?" versus "What is the color of the bird that
appears at the beginning?", humans deploy distinct strategies: the former may necessitate a review
of the entire video to understand its context, whereas the latter would involve focusing solely on the
video’s initial segment to identify the bird’s color.

Our proposed framework adaptively samples and processes video frames in response to specific
queries (see Figure[I]c). While previous approaches rely on static process which is independent of
the query in extracting information such as captions [3}33], our approach attends to the given query
and reasons strategically which frames to process during inference time without having to go through
whole set of frames.

Our findings indicate that LLM agents, when used without guidance, exhibit suboptimal reasoning
performance in terms of selecting the most informative frames. To enhance the reasoning ability of
LLMs, we leverage the self-reflective capabilities of LLMs to provide insightful feedback [29, 21]].
Specifically, reflective statements serve as a form of verbal reinforcement, enabling the agents to
develop an updated policy that facilitates more nuanced and sophisticated reasoning. Furthermore,
our framework integrates long-term memory to store and utilize past experiences. The reasoning
trajectories and the refinement is stored in the memory per instance. The key rationale behind
adopting the memory is that retrieving past experiences that are relevant and semantically similar to a
given query can significantly enhance the reasoning behavior of the LLM.

We validate the generalizability of our framework by evaluating it across a range of benchmarks,
demonstrating its effectiveness and adaptability in various video understanding tasks. The results
indicate that the proposed method outperforms existing approaches, achieving higher accuracy while
maintaining a lowest number of frames accessed.

2 Related Work
2.1 Long Context Multimodal Agents

Several approaches have been developed to handle multimodal inputs through agent-based reasoning
[4, 139} 13} 33]. These methods leverage agents’ reasoning abilities along with their tool-calling
capabilities. For instance, [39] employs Monte Carlo Tree Search for reasoning combined with
tool-calling techniques, while [4] utilizes ReAct [41]] for flexible video input processing.

Recent advancements have also focused on long-context videos [3, 33|]. For example, [3] uses
memory retrieval during inference to address specific queries, which can be effective for localizing
detailed information but may become redundant depending on the query type. Similarly, [33] relies
on predefined sampling methods, necessitating extensive frame access for caption generation. [31]



aims to reduce frame access by using a predefined number of frames and dynamic sampling, but
primarily addresses short-form videos and straightforward question-answering scenarios.

Existing methods for addressing long-context processing using agent based approach (see Fig [T}
b) involves preprocessing and extracting relevant information from frames during a pre-processing
stage, with the agent retrieving memory dynamically based on the question during runtime [3}33]].
Although this approach can be effective, it is resource-intensive in terms of memory and processing
time. Additionally, it operates in a static manner, irrespective of the specific question, which can be
redundant.

2.2 Frame Sampling Methods

Several methods have been proposed to enhance the efficiency of video frame handling by selectively
subsampling relevant frames based on the content of the question or text, rather than using uniform
sampling [15, 13142} 21]]. For example, [27] use CLIP model to retrieve pertinent frames through text
prompts, while [7] propose a sampling technique that selects the most significant frames based on
learned patterns. Although these approaches are effective, they often require pre-defined number
of frames to sample or accessing to near all video frames to identify the relevant ones. These static
ways of sampling frames may induce inefficiency as the video length becomes longer with exhaustive
number of frames.

In contrast, our approach is inspired by human cognitive processes, which adaptively focus on
information pertinent to the task at hand [[11} 8, [26]19]. We propose an agent that reasons about which
frames to select based on the information from the question or previously extracted information,
thereby improving the efficiency of information processing. While our method is similar to [34] in its
query-adaptive nature, our method avoids the need for preprocessing (e.g., KNN clustering), thereby
mitigating time-consuming operations.

Model Long-Context  Query Adaptive Sampling Long-term Memory Reasoning
AssistGPT [4] X X X ReAct
DoraemonGPT [39] X X X MCTS
VideoAgent [3] v X X ReAct
LifelongMemory [33] 4 X X Prediction Ensemble
Ours v v v Refinement + ReAct

Table 1: Comparison of existing methods. Previous approaches attempted to handle long-form video agents,
however, our approach focuses on addressing long-context videos, adopting query adaptive sampling and
long-term memory.

3 Adaptive Video Understanding Agent

We propose an AVUA: Adaptive Video Understanding Agent, which reasons which frames to process
based on the observations and interactions made between the tools. Specifically, inspired by recent
advancements in self-reflective ability of LLMs [10} 22 [29]], we utilize the error feedback of LLMs
to enhance the reasoning of the agent. We formulate the task likewise: The dataset D = (Q, A, V)
consists of question @), answer A, and corresponding V. The agent £ is equipped with available
actions A. The agent £ has only access to the meta-data of the video V' (e.g. the total number of
frames).

Generating Policy As illustrated in Figure [2] the initial step involves generating a policy 7 based on
the question and the details of the video. This policy encompasses an analysis of the question type and
a detailed question analysis, which includes a sampling strategy and identification of key elements
that the agent should focus on during the reasoning process. The policy serves a dual purpose: it
guides the agent in planning and reasoning, and it can be abstracted and utilized in long-term memory.
The rationale behind this approach is that, while the specifics of the question may vary, the abstracted
high-level question type can be retained and leveraged in a manner similar to how humans utilize
their generalized experiences.

Planning/tool invoking At time step ¢, the agent £ selects an action a; and action input x; based
on policy 7 in solving problem D. The actions .4 are the invokable tools, which are pre-defined
and callable functions from the agent. The action input x; is typically the frame number, indicating
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Figure 2: Overall Framework. The video metadata and question are provided to the agent to
generate policy, which includes analyzing the question type and determining the task-solving
strategy, including the sampling strategy. Planner/Tool Executor, based on the ReAct-style reasoning,
generates thought processes, actions, and action inputs, and receives observations from the tools.
During this stage, the sampler may suggest improved frames. After formulating the final answer, the
evaluator and refiner are applied. The final result is then stored in long-term memory.

which frames the tools should access. The input often includes extra arguments, for example the
question to query the tools (e.g. Frame index 0, what is happening in the frame?). Once the tools
are invoked, it returns a observation (O which is the extracted information of the selected frame. The
agent £ considers the previous observation-action trajectory 7 = [a1,01,...,0;_1] : in choosing
which actions to call.

ar = L(m,D,T4—1)

Specifically, the agent £ navigates search space, F x A, where F represents the set of frames
within V(|V| = |F| = n). The main goal of the agent L is to effectively prune the search space
(i.e., minimize the number of the frames access) while ensuring performance (i.e., maximizing the
reward ). While making a decision of which action a; to take along with the action inputs, the agent
collaborates with the Sampler, another instantiated LLM, which is responsible for suggesting which
frames to select. The sampler suggestions are based on the previous action-observation trajectory.

Evaluator We introduce an evaluator £, which assesses the correctness of the prediction based on the
question and the trajectory. It employs an error-feedback mechanism, iterating through trial-and-error
to identify model errors. The evaluator & receives the question Q;, policy 7; and the trajectory Ll
and makes an judgment whether the final answer made by the planner is valid or not. The evaluation
is made in a binary style True or False with a confidence ranging from 0 to 100.

Refiner Once the evaluation is done, the refiner is given a question, policy, and the trajectory from
the agent, and the evaluation to generate the refinement of the trajectory. Specifically, the refiner first
generates diagnosis of the trajectory (e.g., if there is any redundant steps, or any actions or action
input that can be refined). Then, it generates a refined plan. The refinement is generated regardless
of the evaluation result. The reason behind this is that if the evaluation is correct, the refinement is
stored along with the trajectory in the long-term memory to enhance the reasoning of future trials and
if the evaluation if false, the refinement have direct purpose of refining the reasoning of the agent for
the next trial.

Long/Short Memory We maintain the memory with Long-term memory Mg, to store experiences,
short-term memory Mo to store accessed frame information. This format allows us to utilize the
long-term memory. When the The long-term memory Moy, is present, it is indexed by the question
type based on their semantic similarity, retrieving the semantically similar experiences (question type,
and the trajectories).
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that is the key object referenced in the question. If a chopping board is present, I can then try t
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Thought The video agent has confirmed that a chopping board is present in the video. To
locate the specific frames where the chopping board is being washed, I will try sampling
different sections of the video to see if I can identify that action occurring.

Amnn ask_video_agent Action Input  Frame 7200, “Does this video show a chopping board? Action get_video_description  Action Input Frame 7200
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[ Observation  Yes, the video shows a chopping board on the counter.

of the video. To get a more precise frame range, I will check some frames before and after frar

[ Thought The descriptions for frame 0 indicate that the chopping board is being washed at the beg)nn)ng

used for cutting vegetables and meat, but not being washed. T should try sampling
different section of the video to see if I can find the washing action.
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Observation [ #c € rinses the chopping board', '#C C cleans the chopping board w)(h
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early part of the video. To provide the most precise frame range, I will check one more time around
frame 100 to see if the washing action continues that far

Final Answer [0,100]

Thought The descriptions around frames 0-50 confirm that the chopping board washing occurs in this
Action get_video_description Action Input  Frame 100

Action get_video_description  Action Input Frane 50 LThought The description indicates that around frame 7200, the chopping board is be)ngJ

C cleans the chopping board with the towel', '#C C drops the chopping board of
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Refinement: Diagnosis The reasoning trajectory was effective in identifying the relevant frame range for washing the chopping board. By
systematically sampling different sections of the video and analyzing the descriptions, I was able to narrow down to the precise range of [0, 100]
where the chopping board washing occurred. The trajectory made use of the available actions in an efficient manner without redundant steps.

Refined plan 1.Since the previous reasoning trajectory was concise and effective, I would follow a similar approach:
2. Confirm if the key object (chopping board) is present in the video using ask_video_agent.

3.1 present, sample different sections of the video using get_video_description to locate frames where the chopping board washing action
is occurring. Start with a broad range like [0, 14400] and narrow down based on the descriptions.

4.0nce the washing action is detected, check surrounding frames to identify the precise start and end of the relevant range.

. Provide the final [start, end] frame range as the answer.

6.This systematic approach allows efficiently locating the relevant information without redundant steps, while ensuring the answer is as
precise as possible based on the available information.

Figure 3: Example of Ego4d NLQ Instance. The User Prompt includes the video’s metadata and
the question for the Agent to address. (1) Policy Generation: the agent generates an analysis of the
question and a sampling strategy (2) Thoughts, Actions and Observation: The agent formulates a
Thought based on current state, executes an Action .4, with Action Input, and uses tools to obtain an
Observation O. This process iterates until the agent comes up with the final answer. (3) Evaluation:
the Final Answer is assessed. (4) Refinement: The trajectory 7T is refined, and the results are stored
in Long-term Memory M op,.

4 Experiments

4.1 Tools

Task Source Function

Video Caption Generation LaVilLa Detect actions, and objects

Video QA Video-LlaVa [14] Extract Information

Image QA Claude 3 Sonnet [1] Image description

Object Tracking RT-DETR ByteTrack Object detection

Text Caption PaddleOCR Text caption Capture

Audio Transcription Whisper [25] Audio capturing
Table 2: List of Invokable Tools. This includes multi-modal tools, video-based tools (e.g., LaVila,
Video-LLaVa), image-based tools (e.g., Claude-3-Sonnet, PaddleOCR), and audio-based tools (e.g.,
Whisper)

In the experiments, the LLM used for reasoning and tool invocation is Claude-3-Sonnet [1]]. The
tools used in the framework are detailed in Table 2] The tools are chosen to support multi-modalities,
such as video, image, or audio. The Video Caption Generation model, LaViLa [47]], generates
descriptions for selected frames. To accommodate the model’s requirement for frame sequences,
we sample 3 additional frames (for a total of 4) for information extraction. Similarly, the VideoQA
model, Video-LlaVa [[14]], samples 3 additional frames (totaling 4) for video frame analysis. The



Object Tracking model, RT-DETR [46], identifies objects with a confidence level above 0.6. The
text caption tool [[19] outputs text only if it is present in the frame.

4.2 Evaluation Datasets

Dataset Task Example Avg duration # Instances

Egoschema  Action and scene understand- i B ) ) 3mins 0.5k
ing, abstract reasoning Q: What is the overarching behavior of C and the

man in the video?
Option 0: C teaches the man game rules but the man seems
distracted and is not paying attention

Option 5: The man shows C a new card game while C takes
notes for future references
A: Option 3
Ego4d NLQ Temporal Localization i . ) 8.7mins 3.9k
Q: "What did | pick up before leaving the party?"
A: [3410,4000]
MovieChat  Long-term video understand- " 3 ; 3 9.4mins 0.5k
ing Q: .When does the things in the video happens,
ancient age, modern age or future?"
A: "modern age"

NextQA Causal and temporal action . i i 44secs 8.5k
Reasoning Q:"Why was the toddler in red crying at the end of

the video?"
A: Fell backwards

Table 3: Overview of the evaluation Datasets.These benchmarks evaluate video understanding through
a video question answering format, focusing on specific focus (denoted as Task).The average video
duration varies from short form (<1min) to long form (<10min).

EgoSchema [18] comprises broad spectrum videos of daily human activities, three-minute egocentric
video segments. Each question is associated with five possible answers, in multiple choice question
answering format. To correctly answer the question, it requires long-term temporal understanding. In
this paper, we use a subset of the Egoschema dataset, consisting of 500 question and answer pairs.

Ego4D NLQ [6] consists of egocentric videos capturing a diverse range of daily activities from
individuals wearing cameras. The primary task involves temporal localizing relevant frames within
these extensive video contexts (e.g. Where did I put X?). The task can be formalized, given a video
V and a natural language question Q, the goal is to identify a relevant frame window A, such that the
answer to Q can be deduced from A. We utilize the validation set for evaluation. The average length
of the video is around 8.7 minutes and the expected prediction time window is around 9.3 seconds.

MovieChat [30] encompasses a range of categories , including documentary and detective films. The
benchmark involves questions such as identifying common objects, temporal elements (e.g., day,
night), and various scenes through open-ended questions and answers. The average duration of the
videos is 9.4 minutes. For our evaluation, we utilize the test set (Global mode) of this benchmark. As
it involves open-ended questions, we utilized Cluade-3.5-sonnet as an evaluator to evaluate whether
the prediction matches with the ground truth answer. To be rigorous, we made the evaluator to
generate the confidence of its judgment, counting only the instances with confidence over 80 (out of
100) as correct.

NextQA [37] is a benchmark designed to assess various aspects of video understanding, including
causal action reasoning, temporal action reasoning, and common scene comprehension. Compared to
other evaluation benchmarks used in this study, NextQA focuses on relatively short video clips, with
an average duration of 44 seconds. While it does not align with the long form video question-answer
evaluation criteria, we include this benchmark to demonstrate the generalizability of our framework
across short-from videos. Also, NextQA benchmark consists of questions with ‘textual cues’, for
example, Why was the toddler in red crying at the end of the video?, it allows us to investigate the
adaptive behavior of the agents when presented with questions with textual cues and without textual
cues.

4.3 Baselines

We experiments with several strong baselines which are comprised of multiModal LLMs incorporating
the visual components along with the textual querys as inputs. FrozenBiLM [38] learns cross
modalities by training image projection layer. Similarly, InternVid [32] uses a image captioning



Model # Frames Accuracy

MultiModalLLM
FrozenBiLM 90 26.9
InternVid 90 32.1 JcOurs
ViT “
ShortViViT 32 49.6 w0l 4 Ours(w/o sampler) o VideoAgent
LongViViT 256 56.8 S oLLoVi .
Agent g’ss . Ours(w/o memory) LongViViT]
LLoVi 180 57.6 g ) g —
VideoAgent 180 60.2 ¢ :
LifelongMemory 180 62.4 :
Ours 14.27 66.98 prohct d

o

2 3
% of Frames Accessed

Total Avg Frames 5400 (30 fps)

Figure 4: Frames Accessed Ratio vs. Ac-

Table 4: Egoschema Results. The number of curacy(%) Our method demonstrate reduced
frames accessed and Accuracy. % of frames accessed while maintaining high
accuracy.

model along with transformer based text embeddings to align the image and the text. These methods
work on fixed and limited number of frames. Vision transformer (ViT) based methods are based
on vision transformer utilizing joint space time attention. ShortViViT and LongViViT [23]] harness
input masking strategy, supporting prefixed number of frames 32 frames and 256 number of frames
respectively.

We also experiment with agent-based methods, which utilize language models as agents harnessing
external tools to solve video question and answering task. LLoVi [43]] extracts captions and LLM
tackles the QA task based on the extracted captions. Analogously, LifelongMemory [33]] process
extracted captions and adopts voting by confidence strategy to conclude answers. VideoAgent [3]
harness multiple tools to process video. These methods typically sample frames with predefined fps
rate (e.g. 1fps).

5 Results

5.1 Performance Analysis

Egoschema Results Table[d]shows the results of evaluation on Egoschema benchmark. Our proposed
method achieves accuracy of 66.98% which is more than 4% improvement over the best performing
basline method, LifelongMemory (62.4%). For the baselines, we also observe a trade-off between
the number of frames accessed and accuracy. For instance, Multimodal LLMs [38]] and [32] use
a fixed sampling of 90 frames, but achieve relatively low accuracy ( 30%), whereas agent-based
methods achieve significantly higher accuracy but sample twice as many frames. In contrast, our
approach, which dynamically accesses relevant frames based on reasoning, reduces the number
of frames accessed by approximately 93% while maintaining significant accuracy improvements.
Existing methods typically use a uniform sampling strategy (1 frame per second), leading to a static
number of frames. Our method avoids preprocessing all sub-sampled frames, thereby enhancing both
accuracy and efficiency (Fig[).

Egod4d NLQ Results We evaluate the intersection over union (IoU) at top-1 recall. (Table [5).
Our method surpasses the baselines by 2% for IoU=0.3(%). Specifically, our method shows large
improvement in IoU=0.5(%), which is around 10 % larger than the agent approach, and 11 % larger
than the supervised approach. This may be attributed to the adaptive sampling strategy, which
dynamically samples the frames, allowing both fine grained and coarse sampling. The frames are
accessed on average 80% less than the agent method.

MovieChat Results Our method shows more than 22% increase in accuracy, while accessing only
0.1% of frames (Table[6), compared to the baseline models. This indicates that our method is more
effective at processing long-form videos compared to both multimodal LLM—-based (MovieChat [30]])
and agent-based (VideoChatGPT, VideoLlama,VideoChat [[17, 44} |12]]) baselines.



IoU=0.3(%) r@1 IoU=0.5(%)r@]1 #Frames

) 2D-TAN 5.04 3.12 1024
Supervised  VSLNet 5.45 6.63 1461
VideoAgent 17.38 7.47 avg 487(1fps)
Agent LifelongMemory 15.99 - avg 487(11ps)
Ours 19.5 17.1 avg 98 (0.002%)
Table 5: Ego4d NLQ Results.
Accuracy #Frames - Questions with START cue ‘
Questions with MIDDLE cue
VideoChat 57.8 32
VldeoLlaMA 5 1 .7 32 Questions with END cue
VideoChatGPT ~ 47.6 100 | I .
MovieChat 62.3 2048 [ | |
B ing of the video End of the video
Ours 84.8 13.59 (0.1%) ] )
Figure 5: Frame accessed ratio based on tex-
Table 6: MovieChat Results. tual cues from NextQA benchmark. Darker
color corresponds to the higher ratio of ac-
cess.

NextQA Results Our method shows a 1.4% improvement in overall average accuracy (Table[7).
When analyzed by question type—temporal, causal, and descriptive—our method particularly excels
in temporal reasoning tasks, providing around 6.9% absolute improvement over the next best method.

5.2 Ablation Analysis

Agents Without Guidance are Suboptimal Reasoners LLM agents using the default ReAct
reasoning, without any intervention, exhibit suboptimal performance (Table B], E] ReAct). This
approach results in both low accuracy and a reduced percentage of frames accessed. Although LLMs
have the potential to examine all avaiable frames and provide accurate answers, they often produce
suboptimal results with fewer frames access. This is similar to observations where LLMs given
one-shot questions demonstrate less rigorous reasoning compared to those using chain-of-thought or
step-by-step interventions [35}40]. Our framework, akin to the chain-of-though method, enhances
reasoning by incorporating internal interventions, leading to more accurate answers even if it requires
accessing more frames.

Questions including textual vs. non textual cues Our proposed framework suggests that agents are
query-adaptive, meaning they sample more efficiently when textual cues are present, as these cues
guide their focus. For instance, a question like “Why was the toddler crying at the end of the video?’
will direct the agent to focus on the end of the video. The NextQA benchmark provides a natural
testbed for evaluating whether agents leverage textual cues, as it includes both types of questions.
Results indicate that the questions with textual cues result in an average of 10.56 frames accessed
(.008%), compared to 12.26 (.01%) for questions without cues. Figure[§|presents a detailed analysis,
showing that the ratio of frame accessed correlates with the presence of textual cues in the query.
(e.g., a higher ratio of frames accessed at the beginning when ‘Start’ cues are included).

Ablation of a component results in accuracy drop A clear trend demonstrated across benchmarks
(Table[8] ) is that ablating any component consistently reduces accuracy. For Egoschema, the largest
accuracy drop occurs when the evaluator is removed, while for Ego4D, the sampler’s removal has
the greatest impact. Although accuracy trends are clear, the effect on the number of frames accessed
is less consistent. For example, ablating the sampler or refiner generally increases frame access,
whereas in Ego4D, it decreases. This indicates that the role of components like the sampler and
refiner may vary with benchmark characteristics. Ego4D benefits from extensive frame search, while
Egoschema needs a holistic video understanding. Thus, these components help balance frame access
and accuracy depending on the benchmark’s requirements.



Temporal Causal Descriptive Average # Frames (%)

Supervised InternVid 434 48 65.1 49.1 19.92 (1.8%)
SeViLA 61.3 61.5 75.6 63.6 39.85 (3.5%)

MVU 55.4 48.1 64.1 55.2 39.85 (3.5%)

Agent LLoVi 61 69.5 75.6 67.7 39.85 (3.5%)
VideoAgent 64.5 72.7 81.1 71.3 39.85 (3.5%)

Ours 71.42 69.1 77.77 72.7 12.37(1.1%)

Table 7: NextQA results The NextQA results are categorized by question types: temporal or causal
reasoning and descriptive QA. Our method achieves a +1.4% higher accuracy compared to baseline
methods, while accessing 2.4% fewer frames.

Egoschema Ego4dd
Model # Frames(%)  Accuracy | # Frames (%) IoU=0.3(%)r@1 [oU=0.5(%)r@1
ReAct 12.87 (.0024) 42.02 \ 23.987(.00) 3.71 3.7
Ours 14.27 (.0026) 66.98 \ 98 (.002) 19.51 17.07
-w/o memory  20.57 (.0038) 55.1 90.04 (.0022) 9.09 9.09
-w/o evaluator  15.69 (.003) 50.1 40.0 (.001) 541 4.69
-w/o sampler 19.77 (.0037) 60.1 55.67(.002) 5.01 5
-w/o refiner 20.46(0.003) 53.2 65.33(.001) 5.1 3.5

Table 8: Ablation results on Frames Accessed and Accuracy. The default ReAct model,with no
interventions, exhibits the lowest accuracy and frame access ratio. Ablations of different components

reveal varying trends in performance.The ablation results of Moviechat and NextQA can be found in
Table[9]

6 Conclusion

In this paper, we introduced a novel framework for video understanding that addresses the limitations
of current methods by leveraging the daynamic reasoning capabilities of LLMs. While traditional
approaches often rely on static or uniform frame sampling, which can be inefficient and redundant, our
method enhances sampling efficiency by enabling the LLM based agent to adaptively select relevant
frames based on specific queries. The results from extensive benchmarking validate the effectiveness
and adaptability of our framework, showcasing its ability to handle diverse video understanding tasks
more efficiently than traditional methods.

7 Limitations

While our method demonstrated effectiveness across several benchmark tasks, it is important to
acknowledge its limitations. First, the performance of our approach is dependent on the capabilities of
the tools it utilizes. Variations in tool performance can directly impact the overall effectiveness of the
framework. Additionally, reliance on API calls introduces potential latency issues. This dependency
on external APIs may affect the consistency and speed of the processing.

8 Broader impact

The proposed framework for video understanding presents several broader impacts with potential
implications across various domains. By leveraging dynamic LLM-based agents for adaptive frame
sampling, our approach offers a more efficient and effective solution to the challenges of long-form
video comprehension. This advancement could significantly enhance applications in fields such as
automated video content analysis, surveillance, and multimedia indexing, where processing large
volumes of video data is essential.
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Appendix

A.Case Study

Question: What can be deduced about c's level of expertise in the task by observing the kind of adjustments made

throughout the video?

option 0: C is a novice woodworker. he was not able to cut the wood to size and install it on the wall without making several adjustments.
option is an expert woodworker. he was able to cut the wood to size and install it on the wall without making any adjustments.
option is a professional woodworker. he was able to cut the wood to size and install it on the wall in a timely and efficient manner.
option

option 4:

( Policy Generation N\
Question type: “Action sequence analysis”
Question Analysis: “To determine C's level of expertise, we need to closely observe the
adjustments and process C goes through while cutting the wood and installing it on the
wall throughout the video. Key things to look for
=" How smoothly/efficiently C performs each step (cutting wood, measuring, making

adjustments, installing)

- Number and type of adjustments/corrections needed

k— Overall time taken to complete the task.. j

rThcught M)
To determine C's level of expertise in woodworking based on the adjustments made, I should|
first get an overview of the video by retrieving descriptions of some sample frames. This
will give me context on the task being performed and C's actions.

KAction get_video_description Action Input Frame o )
Ohserva tion
#C C walks around the compound', '#C C walks around the building'

Thought The initial frame descriptions don't provide enough context about the
woodworking task or adjustments made by C. I should retrieve descriptions for some frames
further into the video to better understand what is happening.

\_ Action get_video_description Action Input Frane 1000 )

Observation

#C C places the tape measure on the wood ', '#C C holds the table saw.', '#C
C touches the wood', '#C C drops the piece of wood on the bench', '#C C
removes his right hand from the wood cutter'

Thought The descriptions from frame 2000 do not provide any clear information about the
task C is performing. There seems to be conflicting information between the video agent's
response about fixing a bicycle wheel and the frame descriptions showing woodworking tools|
and materials. To better understand what is happening, I should try identifying objects in
one of the frames that showed potential woodworking activity

Action identify_objects Action Input Frame 1000

Observation
{'object': 'person', 'confidence': 0.9270391},
{'object': 'surfboard', 'confidence': 0.69368607}

Final Answer

None of the given options accurately describe C's level of expertise
in woodworking, since the video does not show C performing any
woodworking or carpentry tasks.

[ Evaluation False, Confidence 80

(S

c
c
C is an experienced woodworker. he was able to cut the wood to size and install it on the wall with few adjustments.
C is an amateur woodworker. he was able to cut the wood to size and install it on the wall, but he took a long time to do so. Frame 0 Frame 1000 Frame 2000

. Vi

{refined plan}_Policy Generation

Question type: “Action sequence analysis”

Question Analysis: “To determine C's level of expertise, we need to analyze the

adjustments and actions taken by C throughout the woodworking process shown in the vide

Key elements include:

- The specific woodworking task being performed (cutting wood, installing on wall, etc.

- The tools and materials used

- The number and type of adjustments made

- The overall efficiency and quality of C's work process. By closely observing these
elements, we can infer whether C's actions demonstrate novice, experienced, expert or

professional level skills in woodworking

Thought

The descriptions from the initial frame do not provide enough context about any

woodworking tasks being perforned. I should retrieve descriptions from franes tater in the
video to better understand what C is doing.

Action get_video_description Action Input Frame 2000

Observation

#C C picks the wooden tile', '#C C bends towards the floor', '#C C puts his
left hand on the', '#C C puts a hand in the pocket', '#C C bends down'

Thought The descriptions from frame 2000 mention C interacting with wooden tiles, wnxgb
suggests some kind of woodworking or carpentry task. However, I still don't have a clear
picture of the specific task being performed or the types of adjustments C is making. To
get more context, I will ask the video agent a clarifying question.

What woodworking or carpentry task is C

Action Ask_video_agent Action Input portorming in this video?, Frame 2000 Y,

Observation 1n the video, C is performing a woodworking or carpentry task by
cutting a piece of wood with a knife.b. He is using a knife to cut the wood,
which is a common tool used in woodworking and carpentry projects. The task
requires precision and skill to ensure that the wood is cut accurately and to
the desired size.

cutting wood with a knife. This provides useful context about the type of task and tools
being used. To further assess C's level of expertise based on the adjustnents made, I
should try to identify any specific adjustments or issues C encounters during the wood
cutting process. Does C make any adjustments or have an

Action Input ;¢ i ec while cutting the wood with the knife)
If so, what kinds of adjustments are made?
Frane 2000

Thought The video agent's response clarifies that C is performing a woodworking task }
Action Ask_video_agent

Observation Yes, the man in the orange vest makes adjustments to the wood while
cutting it with the knife.b. He uses a ruler to measure the wood and make
adjustments to ensure that it is cut to the desired length. This shows that he
is a skilled worker who pays attention to detail and takes the necessary steps
to ensure that the wood is cut accurately and efficiently.

Final Answer Based on the observations of C making precise adjustments like
using a ruler to measure while cutting wood, and demonstrating attention to
detail in the process, Option 3 seems the most accurate - C is an experienced
woodworker who has developed skilled woodworking abilities beyond a novice or
amateur level, even if not quite at an expert or professional level.

[ Evaluation True, Confidence 90 }

Refinement: Diagnosis "The main issue was that the initial observations from the frame descriptions suggested C vas
perforning a woodworking task, but the video agent's responses contradicted this and indicated C was not doing any
woodworking. This led to confusion and an inability to accurately assess C's level of expertise based on the given options,

which all pertained to woodworking skills."
Refined plan 1o avoid a similar issue in the future, I should

1. Carefully cross-reference and reconcile any conflicting information from different sources (frame
descriptions, video agent responses, object detections) before making assumptions about the task being

performed.

2.Tf there is ambiguity or conflicting information, ask clarifying questions to the video agent focusing

specifically on resolving the key points of confusion

Figure 6: Example of Egoschema Refinement. Given the refinement based on the first trial (left), it
attempts a second trial, with a refined policy 7*, which leads to the correct evaluation.

Refined policy is more detailed and specific What distinguishes the refined policy 7* from the
initial generated policy? Figure [7]illustrates examples of refined policies, where the initial trial
produced an incorrect prediction, while the second trial yielded a correct one. Compared to the
original policy, the refined policy is notably more detailed. Specifically, it includes: 1) updates in
question analysis, and 2) a more nuanced approach to sampling strategies. Although the sampling
strategies in both trials were largely similar, the refined policy offers a more granular description. For
instance, while the initial policy merely referenced dense and sparse sampling, the updated policy
provides a comprehensive overview of when to transition between different sampling strategies.



[Egoschena] Question: What key transitional moments can be observed in the video where c
switches from one activity to another? Explain how these transitions contribute to the overall
video narrative.

Policy Generation (1 trial)

The question type is action sequence analysis. To answer this question, we need to identify the key
transitional moments where the character switches from one activity to another in the video. We should
sample frames uniformly across the video to detect these transitions. If a potential transition is
detected, ve can sample more densely around that region to confirm and analyze the transition in
detail. The transitions and how they contribute to the overall narrative need to be explained.

Policy (2" trial, after

The question type is action sequence analysis. To identify the key transitional moments where the
character switches activities and how they contribute to the overall narrative, I will:

1.7Get 5 hioh-level overvien of the main activity/process from the video agent to set the context.
2. Sample franes densely across the entire video duration using the get_frame_info tool. For each
rame/analyze] the  spec:t L INHSREELYAYXRppAT 0N (L ML g L ARER Rk TP F g Eaan

5 Ident)fy the transitional frames where the sub-activity changes from one to the next. These will
be the “"key transitional moments"

4. Describe how each identified transition contributes to the overall narrative flow of the main
K(aokmg/fuoﬂ preparation process.

[Egoschena] Question: What was the main dish prepared in the video, and which key ingredients were used}

Policy Generation (1+ trial)

The question type is Key action/moment detection. To answer this question, we need to identify the key
moments in the video where the main dish is being prepared and the ingredients being used are shown.
Ve should sample frames densely around those key moments to observe the dish preparation process and
ingredients used. For other parts of the video, a more sparse sampling may suffice.

(2" trial, after

Policy i ial,
The question type is Identifying main dish and key ingredients. To answer this question, we need to:

1. Get an overview of the video content by sampling descriptions at different time points to
understand if it involves cooking/preparing a dish.

2, RERIZRIERVREEGMRR here ctive cooking/preparation seess to be happentng to identify the specific
dish being made and ingredients being us:

3. Keep an open mind to different possibilities like curries, stir-fries, sautees etc. hased on the
mgred)ents and cooking methods observed, instead of fixating on one dish type too early

4. Cross-refarence the obssrved dish and iagredisnts sgainst the multiple choice options provided to

select the best matc

The key tactics are:
- sample video descriptions at different time points for an overview

- Analyze key cooking frames to identify dish type and ingredients
- Consider multiple dish possibilities based on evidence

< Map observations to the closest matching option without premature assumptions.

Figure 7: Example of Refined Policy Compared to the original policy, the refined policy is notably
more detailed. Texts highlighted in yellow shows the added instruction.

Average Latency

preprocess
Ours 4 541.20 inference
2 LifelongMemory 780,00 300.00
=
VideoAgent 997 | 150.00
0 200 400 600 800 1000

Time (ms)

Figure 8: Latency Comparison with Other Agent Approaches: Our method reduces latency by
processing videos only at runtime, compared to LifelongMemory and Videoagent [3]], which

require preprocessing.

B. Latency Analysis
C. Prompts Configuration

Policy Generation Prompt

You are an advanced AI agent tasked with efficiently and accurately
processing video question and answering tasks.

You will be given a question related to a video, and you are responsibile
for coming up with a set of tactics and plans based on the characteristics
of each question. The questions you will encounter will vary greatly,
ranging from inquires about the overall plot to specific details within
the video.

To effectively handle these tasks, you must first generate a set of tactics
and plans based on the characteristics of each question. You will be given
a question, please analyze the question.

- Determine the type of question (e.g. purpose/goal identification, tools
and materials usage, key action/moment detection, character interaction,
action sequence analysis..etc)

- How should the frames be sampled to solve the question? (e.g. Uniform
sampling with timestep 30. If relevant frame is detected, more uniform
sample with timestep 2.)

{Question}

{Video details} 14




Agent Prompt

You are an advanced AI specialized in video question-answering tasks.
Your capabilities include executing necessary tools and interpreting their
outputs. Your objective is to select which frames to process and strategize
which tools to deploy and use their outputs to provide accurate answers to
questions related to a video.

<Video Details>:

- Duration: {duration_min} minutes ({duration_sec} seconds)

- Frame Rate: {frame_rate} frame per second

- Total Frames: {total_frames} frames.

- Frames with scene change: {scene_list}

Among the total {total_frames}, you will first choose sample frames to
understand the context. Please use the tool ‘get_frame_info’ to get the
general information of the frame. You can use the tools listed below. You
can reason what’s happening between frames, and what’s described in the
frame itself.

Use these tools to help: {tools}

Use the following format:

Thought: Consider what to do next.

Action: The action to take, using one of [{tool_names}].

Action Input: The input for the action.

You will receive the result of the action as Observation: The result of the
action. Please repeat the Thought/Action/Action Input/Observation cycle as
needed.

The final answer should be provided under ’Final Answer:’ You must choose
one of the options among Option @, Option 1, Option 2, Option 3, Option 4.
Please start with Thought:

Begin!

Refiner Prompt

You are an advanced reasoning agent that can improve based on self refection.
Your goal is to come up with a diagnoses and a refinement plan that is
effective in making a correct prediction. You will be given a previous
reasoning trial in which you were given access to execute tools to solve
and an evaluation to the trial.

If the evaluation is False, you were unsuccessful in answering the question
either because you guessed the wrong answer with Final Answer, or you used
up your set number of reasoning steps. The optimal goal is to have concise
reasoning path without having redundant actions. Even if the evaluation is
True, you can improve the reasoning path by removing the redundant steps or
by refining the repetitive actions. In a few sentences, Diagnose a possible
reason for failure and devise a new, concise, reasoning paths that aims
to mitigate the same failure. Be detailed as possible and use complete
sentences.

Evaluator Prompt

You are an advanced agent that evaluates whether the predicted answer
is correct or not. You will be given a question, reasoning trajectories,
and the final answer predicted by an agent. Please evaluate whether the
prediction is valid or not. You can give your confidence in percentage
(0-100) . Remember that the reasoning and predictions are not always correct.
For example, Evaluation: True, Confidence: 90




Table 9: Ablation result of Moviechat and NextQA. The results are consistent in exhibiting a drop in
accuracy when ablating any component. However, the trends of the number of frames accessed are
not consistent, varying across the benchmark, and the components

MovieChat \ NextQA
Model # Frames Accuracy \ # Frames Accuracy
ReAct 10.62 69.4 \ 9.87 47.27
Ours 13.59 84.8 \ 12.37 71.6
-w/0 memory 15.84 70.3 11.79 63.11
-w/o evaluator 15.31 72.43 13.59 58.97
-w/o sampler 15.51 80.2 13.87 60.2
-w/o refiner 15.51 70.2 11.8 65.42
@estion: Where was the rim before I picked it? \

Sampler Suggestions

> Start from the beginning of the video to identify the rim object and its initial
location before being picked up <Sampler Suggestion: frame_index 0>

> Perform uniform sampling with a large timestep (7200 frames ~ 1/2 of total 14402
frames) to quickly identify if the rim object is visible around the middle portion
of the video before being picked up <Sampler Suggestion: frame_index 7200>

> To identify the approximate range where the "rim" object appears before being
picked up, I will sample at frame 10800 which is around 3/4 through the video. If
the rim is not visible there, I can infer it likely appears in the final 1/4 of the
video before being picked up.<Sampler Suggestion: frame_index 10800>

> To identify the approximate range where the rim first appears, I will sample
frames closer to the start with a smaller timestep of 1800 (30 seconds at 60 fps).
If the rim is visible in this frame, the relevant range likely starts around here.
If not, I will continue sampling backwards from this point with an even smaller
timestep. <Sampler Suggestion: frame_index 1800>

> To find the first appearance of the "rim" object before it is picked up, I should
start watching the video sequentially from the very beginning (frame @) since my
previous sampling attempts were unable to identify when the rim first shows up.
<Sampler Suggestion: frame_index 0>

> Since the rim is already visible in frame @, I should sample a few frames ahead to
see if the rim's position changes or if it gets picked up in the next few frames.
Frame 30 seems like a reasonable next step to check for any movement or interaction
{ith the rim. <Sampler Suggestion: frame_index 30> /

Figure 9: Sampler Example The Sampler examples demonstrates that it is able to 1) calculate
the frames in terms of sparse sampling 2) Dynamically switch sampling fps, based on previous
observation 3) Densly sample relevant frames
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: The abstract and introduction clearly states the paper’s goal and contributions.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: In section[7lwe discuss the limitations.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

 The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justification: The focus of the paper is mainly on empirical experiments.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Yes, in the section]and[3]section we elaborated the methods, and experimental
settings.

Guidelines:
* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Yes. We use publicly accessible data. In terms of code, we plan to release the
necessary code with instructions.

Guidelines:
* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Yes in the section[d] we describe the detailed information of the datsets, and
the experiment settings.

Guidelines:
* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.
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* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]

Justification: The experiments were conducted in a deterministic way (e.g. setting tempera-
ture to 0) as for reproducible purposes. The statistical significance is not applicable to our
work.

Guidelines:
* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: In the section 4| we provide settings of the experiments.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
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10.

11.

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Yes.
Guidelines:
* The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: Yes in section [§] we discussed broader impact.
Guidelines:
* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: There is no much risks involved in this work.
Guidelines:

* The answer NA means that the paper poses no such risks.
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* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We cited the paper or URL as long as the licenses and copyrights.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: New asset is not released in this work.
Guidelines:
* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
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15.

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: There is no crowdsourcing involved in this work.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: There is no IRB Approval required in this work.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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