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Abstract

Current video understanding models struggle with tempo-
ral reasoning and efficient processing while balancing de-
tail preservation with computational efficiency. We propose
a hierarchical memory system that segments videos into ac-
tion and scene units, combined with question-aware agentic
keyframe selection. Our method achieves 70.3% overall ac-
curacy on VideoMME short video benchmarks.

Introduction
Video understanding faces challenges in temporal reasoning,
particularly in identifying when specific events occur within
video sequences. Existing approaches like MovieChat (Song
et al. 2024) use naive similarity-based merging that causes
information loss through arbitrary frame consolidation. The
challenge is further compounded by the fact that models spe-
cialized for temporal grounding tasks often degrade in gen-
eral question-answering capabilities.
We propose a hierarchical memory architecture that seg-
ments videos into semantically meaningful action and
scene units while maintaining temporal information through
timestamp preservation. Our contributions include: (1) se-
mantic boundary-aware hierarchical segmentation preserv-
ing temporal grounding, (2) agentic keyframe selection dy-
namically focusing on query-relevant content, and (3) em-
pirical analysis showing 70.3% accuracy on VideoMME (Fu
et al. 2024).

Proposed Framework
Our approach operates through a hierarchical memory ar-
chitecture combined with agentic keyframe selection. In-
spired by Video ReCap’s hierarchical processing (Islam
et al. 2024) and ViLAMP’s differential distillation princi-
ple (Cheng et al. 2025), we develop a unified framework in
Fig 1 that operates through four main stages: (1) semantic
boundary detection for memory population, (2) hierarchical
memory organization, (3) agentic segment retrieval, and (4)
question-aware keyframe selection for reasoning.
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Semantic Action Boundary Detection
Unlike MovieChat’s (Song et al. 2024) naive similarity-
based frame merging that suffers from information loss
through arbitrary adjacent frame consolidation, our ap-
proach detects semantically meaningful action boundaries.
We process video frames using a frozen ViT encoder to ex-
tract visual features:

fi = ViT(framei)

For action boundary detection, we employ adaptive thresh-
olding rather than fixed similarity thresholds. We maintain a
sliding window W of recent similarity scores and compute:

τadaptive = max(µW − k · σW , τmin)

where µ and τ are the mean and standard deviation of
recent frame-to-frame similarities within window W , k
controls sensitivity, and τmin prevents over-segmentation.
When cosine similarity between consecutive frames drops
below τadaptive:

sim(fi, fi+1) =
fi · fi+1

∥fi∥ · ∥fi+1∥
< τadaptive

we detect an action boundary. This approach ensures that
segmentation aligns with semantic content changes rather
than arbitrary similarity thresholds. The accumulated frames
are processed through a video language model to generate a
descriptive caption, creating an Action Unit that contains the
caption, timestamps, and caption embedding.

Hierarchical Scene Organization
We also adapt the hierarchical principle for detecting scene
boundaries through semantic similarity between action cap-
tions. Scene transitions are identified when:

sim(embeddingscene start, embeddingcurrent) < τscene

This semantic approach ensures scene boundaries align with
meaningful content transitions rather than visual similarity
alone. When a scene boundary is detected, all actions within
that scene are compressed into a Scene Unit that contains
the summary of the actions, time range, and the indices of
action unit.

Agentic Reasoning with Differential Keyframe
Selection
Inspired by ViLAMP’s differential distillation principle
(Cheng et al. 2025), we apply CLIP-based keyframe selec-
tion to frames from semantically relevant segments, making
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Figure 1: Overview of the Proposed Hierarchical Memory Approach

the selection more focused and efficient. For each frame fi
in the selected segments, we compute a differential saliency
score:

D(fi) = R(fi, Q)− λ · T (fi,N (fi))

where R(fi, Q) refers to query relevance; T (fi,N (fi))
refers to temporal redundancy; N (fi) contains frames
within a sliding window of size. The weighting parameter
λ is question-adaptive, the higher it is, the higher the redun-
dancy penalty is. We select keyframes using a greedy algo-
rithm that prioritizes high differential scores while prevent-
ing redundancy. Our system then employs skill-specialized
agents, each optimized for different question types with
task-specific confidence thresholds and segment selection
strategies. For example, the GeneralAgent is aimed at an-
swering high-level questions like ”what is the main theme
of the video,” and in this case we can use radical keyframe
selection because the details are less important; while the
CountingAgent should not ignore too many frames as count-
ing requires better video grounding and cannot afford infor-
mation loss.

Reasoning Process
Our agentic reasoning system operates through a multi-
stage pipeline. Given an input question Q, we first clas-
sify its task type using pattern matching on question con-
tent and structure. Each agent computes a confidence score
for handling the question based on both task type match-
ing and keyword analysis, and we select the one with the
highest score. The selected agent first identifies relevant
scenes, then drills down to specific actions within those
scenes. From the retrieved segments, we apply our differ-
ential keyframe selection algorithm to identify the most in-
formative frames while avoiding redundancy. The process
operates on frames extracted from relevant memory units.
For each frame, we compute the differential saliency score.
The algorithm greedily selects frames with high differential
scores, and the selected keyframes are processed through the
specialized agent using task-specific prompts. Each agent
employs distinct instructions optimized for its domain. This
hierarchical reasoning process ensures that computational

Method Accuracy (%)

LLaVA-Video-7B-Qwen2 (baseline) 63.3
Ours (Hierarchical + Agentic) 70.3

Table 1: Performance on VideoMME short videos.

resources are allocated efficiently based on question while
maintaining high accuracy through specialized agent exper-
tise and targeted keyframe selection.

Experiment and Results Analysis
We evaluate our approach on VideoMME((Fu et al. 2024)),
a benchmark that spans multiple task categories. Our system
employs LLaVA-Video-7B-Qwen2((Zhang et al. 2024)) as
the primary video-language model for caption generation.
Videos are processed at 1 FPS to balance temporal coverage
with computational efficiency. We employ selective 8-bit
quantization for LLaVA and Llama models while maintain-
ing ViT in higher precision (bfloat16) for feature stability.
All experiments are conducted on a system with 4 NVIDIA
GeForce RTX 3090 GPUs. No task-specific fine-tuning is
performed—all results represent zero-shot performance to
demonstrate the generalizability of our approach. Table 1
presents our main results on VideoMME short videos. Our
hierarchical memory approach with agentic keyframe selec-
tion achieves 70.3% overall accuracy, demonstrating com-
petitive performance across diverse video understanding
tasks.

Conclusion
We present a hierarchical memory approach for video
understanding that addresses key limitations in existing
methods through semantic boundary detection and agentic
keyframe selection. The zero-shot evaluation without fine-
tuning demonstrates the generalizability of our approach
across diverse video understanding tasks.
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