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Abstract

Multimodal Large Language Models (MLLMs)
struggle with Long Video Understanding
(LVU) due to their limited context window
and the distributed nature of salient informa-
tion across many redundant frames. To address
this, we present VideoMind, a novel training
free framework for LVU designed to mimic a
human reasoning process. The framework is
orchestrated by an MLLM that breaks down
a user’s query into a series of simpler, ac-
tionable sub-queries. For each sub query, the
MLLM reconfigures itself by invoking special-
ized ‘modes’ that are instantiations of the same
MLLM, but with appropriately tailored context
for the given sub query to extract targeted evi-
dence. After gathering this evidence, the model
resumes its role as the orchestrator which eval-
uates the results and decides if an answer is
complete or if it must refine its strategy by en-
gaging further modes with new context. Our
specialized operational modes include: 1) a
Multi-Scale Temporal Search mode to identify
and summarize relevant video sub-snippets at
varying time scales, and 2) a Single-Frame Vi-
sual Detail mode for precise spatial localization
of objects. This dynamic allocation of com-
putation yields state-of-the-art results on the
Video-MME, LongVideo, and MLVU bench-
marks, achieving 77.6% performance on Video
MME using Qwen 2.5 72B (4.8% enhance-
ment) while also yielding a 5% improvement
on Llama 4 Scout.

1 Introduction

Long Video Understanding (LVU) represents a crit-
ical frontier in computer vision, essential for appli-
cations requiring sustained attention over extended
timelines. These applications range from complex
activity recognition (Guo et al., 2022; Shao et al.,
2020) and automated content summarization (Lee
et al., 2025) to interactive archival search (Rossetto
et al., 2025). Unlike short clips, typical long-form
videos span several minutes to hours, containing

vast amounts of redundant information interspersed
with sparse, highly salient events. However, this
sparsity of salient information poses a fundamental
challenge to current Multimodal Large Language
Models (MLLMs) (AI, 2025; Gemini et al., 2024;
Liu et al., 2023; OpenAI, 2023; Bai et al., 2025), as
they are unable to attend to such events in such long
contexts (usually processed as uniformly sampled
input frames), pushing them beyond architectural
limits.

To address this challenge, we introduce Video-
Mind, a novel, training-free agentic framework that
reframes the MLLM as a human-like reasoning
engine that actively interrogates the video rather
than passively consuming frames or captions at
once. Given a complex user query, the controller
MLLM first decomposes it into a sequence of fo-
cused, actionable sub-queries, mirroring how a hu-
man would break a problem into manageable steps.
It then solves these sub-problems by invoking a set
of specialized modes, which are instantiations of
the same MLLM tailored with minimal, relevant
video context (e.g., a few frames) for that specific
sub-task. The MLLM in these modes provides
concise textual answers for the sub queries. The
MLLM then resumes its role as the orchestrator and
reasons over the text, either synthesizing a final an-
swer or iteratively refining its strategy by engaging
into another mode with appropriately modified sub-
queries and video contexts. This represents a form
of self-specialization, where the model’s generalist
abilities are harnessed to create expert functions.

Specifically, our framework operationalizes this
approach with two such ‘modes’ to interact with the
video: (1) The Multi-Scale Temporal Search mode,
which is designed to efficiently identify video seg-
ments relevant to a given sub query at a time scale.
(2) The Spatial Detail mode which extracts fine-
grained visual evidence from specific frames. Both
these modes enable a coarse-to-fine workflow to
help focus the MLLM on the most salient temporal
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and spatial regions.
We demonstrate the effectiveness of Video-

Mind through extensive experiments on three di-
verse LVU benchmarks: Video-MME (Fu et al.,
2025), LongVideoBench (Wu et al., 2024), and
MLVU (Cui et al., 2024). VideoMind consistently
elevates powerful base MLLMs, boosting Qwen
2.5 72B (Bai et al., 2025) by 4.8% to 77.6% and
Llama 4 Scout (AI, 2025) by 5.0% to 67.8% in ac-
curacy on Video-MME, with gains concentrated in
complex multi-step temporal reasoning tasks (e.g.,
Action Reasoning, Temporal Perception). Compre-
hensive ablation studies further validate our hierar-
chical MLLM mode design.

Our primary contributions are:

• VideoMind, a novel, training-free agentic
framework for long video understanding that
empowers a base MLLM to dynamically de-
compose complex queries and iteratively seek
evidence by shifting into specialized reason-
ing modes, and reason over the gathered tex-
tual evidence.

• A set of operational modes that allows the
base MLLM to dynamically re-purpose its
own capabilities to interact with the salient
parts of the video for (1) a Multi-Scale Tem-
poral Search and (2) a Spatial Detail Analy-
sis, in a coarse-to-fine LVU workflow.

• State-of-the-art performance on LVU
benchmarks demonstrating the effectiveness
of our approach, with VideoMind achieving
77.6% in accuracy on the Video-MME bench-
mark using the Qwen 2.5 VL 72B backbone.

2 Related Work

Our work, VideoMind, builds upon advancements
in Multimodal Large Language Models (MLLMs),
Long Video Understanding (LVU), and the emerg-
ing paradigm of agentic AI systems. End-to-end
MLLMs that process video as a uniformly sam-
pled input frames (Zhang et al., 2024; Li et al.,
2024a) become prohibitively token-intensive for
hour-long content, struggling to scale effectively
due to quadratic attention complexity (Liu et al.,
2024a), while choosing too few frames risks leav-
ing out salient events. To mitigate this, Ma et al.
(2024); Shen et al. (2024) propose strategies based
on token compression, but these lossy approaches
cannot guarantee the selection of question-relevant
tokens. Another promising direction has emerged

in the form of video agents (Wang et al., 2024),
which use MLLMs to reason over smaller, fixed
length segments of a video that are retrieved based
on captions generated by CLIP (Radford et al.,
2021) like models or using external tools. However,
many such systems (Wang et al., 2025b; Fei et al.,
2024; Ranasinghe et al., 2025) rely on predefined
reasoning structures and fixed captioning tools that
may miss details relevant to a given complicated
query’s context. By analyzing captions of short,
fixed clips in relative isolation, they often miss the
broader narrative structure, limiting their ability
to perform true long-horizon reasoning. Addition-
ally, reliance on external modules ((Pang and Wang,
2025; Zhang et al., 2025)) can also obscure whether
performance gains stem from the agentic reasoning
process or the inherent power of the external tools
themselves. VideoMind circumvents these limita-
tions by introducing a suite of internal reasoning
modes that use the base MLLM’s capabilities for
multi-granular temporal and spatial analysis.

Appendix A provides a more detailed overview
of work related to our method.

3 Method

3.1 Setup and Notation

Let a long-form video be a sequence of N frames,
V = {F1, F2, . . . , FN}. Given a question Q, the
objective is to generate a correct answer A.

Our framework is built upon a pre-trained Multi-
modal Large Language Model (MLLM), denoted
as fθ, where θ are its parameters. This model pro-
cesses visual information through a corresponding
Vision Transformer (ViT), gϕ, which embeds raw
frames. We use ⊕ to denote the concatenation of
multimodal sequences (text and visual embeddings)
that form the input to fθ.

The reasoning process is a multi-step inter-
action. At each step t, the agent maintains
a history of its previous interactions, Ht−1 =
{(Z1, O1), . . . , (Zt−1, Ot−1)}. This history is a
list of tuples, where Zi is the agent’s textual reason-
ing and Oi is the structured output from that step.
Based on this history, the agent generates a new
thought Zt and selects a reasoning mode Mt along
with its configuration, or terminates by producing
the final answer A.

3.2 Framework Overview

As illustrated in Figure 1, Video Mind uses the
MLLM fθ conditioned on a system prompt, Pagent

407



Figure 1: An overview of Video Mind. Given a long video and a question, the MLLM agent (fθ) processes a sparse
set of initial frames (Vsub) and the question Q. It then enters a reasoning loop to interact with the video, generating
a thought Zt and selecting a mode Mt along with the configuration details needed. The activated reasoning mode,
an instance of fθ itself, processes the input to produce an output Ot. This output is appended to the history Ht,
which informs the next reasoning step. The process terminates when the agent has gathered sufficient evidence to
produce the final answer A.

as the agent orchestrator.
The agent is initialized with the question Q and

an initial, condensed view of the video, Vsub ⊂ V
consisting of K very sparsely, uniformly sampled
frames, providing a coarse overview.

The agent’s task is to decompose the com-
plex question Q into a series of simpler sub-
problems and solve these sub-problems by interact-
ing with the video through specialized ‘modes’ of
the MLLM (detailed in Section 3.3). This dynamic
execution process (detailed in Section 3.4) is itera-
tive: the agent plans a step (thought Zt), engages
a mode (selection Mt along with its configuration)
to interact with a part of the video, receives new
information (the mode’s output Ot), and updates
its history. This loop continues until the agent has
gathered sufficient evidence to produce the final
answer A.

3.3 MLLM Modes

Our framework’s core consists of two specialized
modes that are engaged by the MLLM to inter-
act with the video. Both modes are instantiated
from the base MLLM fθ only using distinct system
prompts.

3.3.1 Multi-Scale Temporal Search Mode

Purpose and Motivation. To efficiently navi-
gate long videos and pinpoint temporally relevant
events, we design the Multi Scale Temporal search
mode Msearch .

Inputs and Process. In this mode, the MLLM re-
quires the following configuration details generated
by the orchestrator: a natural language sub-query
qsearch, a time interval [tstart, tend], and a search
granularity scale ∆t (chosen from Nscale fixed op-
tions for it). Its operation unfolds in two stages:

(1) Query-Focused Summarization: In this
stage, a utility partitions the video segment
V[tstart,tend] into non-overlapping snippets {vi} of
duration ∆t. From each snippet vi, a maximum of
Kclip frames are uniformly sampled. These sparse
frames are then processed by fθ conditioned on a
summarization prompt Psum and qsearch to gener-
ate a concise query specific summary si for each
snippet.

si = fθ(Psum ⊕ qsearch ⊕ gϕ({Fj}j∈vi))

(2) Relevance Filtering: In this stage, the com-
plete set of generated summaries {si} is aggre-
gated. The MLLM fθ is invoked again with a fil-
tering prompt Pfil to analyze these summaries and
identify which snippets are most relevant to the
sub-query qsearch.

Outputs. Based on the filtering stage, the MLLM
constructs its final output, Osearch a structured list
of tuples, where each tuple contains the start and
end timestamps of a relevant snippet vj , their sum-
mary sj and a textual justification rj for its selec-
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tion.

Osearch = {(tjstart, tjend, sj , rj)}j
= fθ(Pfil ⊕ qsearch ⊕ {s1, s2, . . . })

The design of Msearch directly facilitates a hier-
archical, coarse-to-fine search strategy. The agent
can first perform a coarse search over a long du-
ration with a large ∆t to identify broad events of
interest. Subsequently, it can "zoom in" by invok-
ing the tool again on the identified relevant seg-
ments with a smaller ∆t for more precise temporal
localization.

3.3.2 Spatial Detail Mode
The spatial detail mode Mdetail is designed to help
the agent perform fine-grained spatial analysis to
understand specific objects, interactions, or details
within a frame after appropriate temporal localiza-
tion using Tsearch.

Inputs and Process. Upon selecting the mode
Mdetail, the orchestrator generates a configuration
consisting of a specific timestamp tframe and a
detailed natural language query qdetail describing
the attribute or object of focus. Let Ftframe

be the
frame at the given timestamp. A key feature of this
tool is its ability to focus on specific spatial regions.
To support this, the agent can optionally provide
bounding box coordinates Bin = (x, y, w, h) as an
additional input. When Bin is provided, a utility
first crops the frame, Fcrop = crop(Ftframe

, Bin).
The MLLM then engages this mode with the sys-
tem prompt Pdet, qdetail and Fcrop to analyze the
frame’s content in relation to the query, while also
localizing the said content by providing bound-
ing box co-ordinates for it. If no Bin is provided,
the MLLM receives the full frame Ftframe

instead.
Tdetail helps focus the MLLM’s attention on spe-
cific spatial regions, mitigating distractions from
irrelevant background content.

This input-output design directly facilitates a
hierarchical, coarse-to-fine spatial analysis. As de-
scribed below, the MLLM in this mode can output
bounding boxes. The agent can then "zoom in"
by invoking Tdetail again with a more specific sub-
query (e.g focus on some specific attributes of the
object localized in the previous iteration), using
the previous iterations outputted box B as the new
input box Bin for the next iteration.

Outputs. The MLLM in mode Mdetail produces
a structured output Odetail containing a textual de-
scription d that answers the query, and optionally,

bounding box coordinates B identifying a specific
object or region mentioned in the description.

Odetail = (d,B)

= fθ(Pdet ⊕ qdetail ⊕ gϕ(Ftframe
))

3.4 Dynamic Mode Selection and Execution
The controller MLLM, fθ with prompt Pagent, or-
chestrates the entire process in an iterative, closed-
loop manner, as illustrated in Figure 1. At each
step t = 1, . . . , Tmax:

Reasoning and Planning. The agent model
fθ, Pagent receives the accumulated history Ht−1,
sub-sampled video frames Vsub, and the question
Q. It first generates a textual thought Zt that out-
lines its reasoning process and articulates a plan for
the next action based on the evidence gathered so
far.

Engaging a Mode. Based on the plan formu-
lated in Zt, the agent initiates a mode selec-
tion Mt. This selection is formatted in a struc-
tured syntax, specifying which mode to engage,
{Msearch,Mdetail}, and providing the necessary
configuration details. For instance, a selection
of the temporal search mode would be Ct =
(Msearch, {qsearch, tstart, tend,∆t}). If the agent
determines it has sufficient evidence to answer the
question, it can instead generate the final answer A
and terminate the loop.

Mode Execution and History Update. The
MLLM engages the selected mode Mt in its given
configuration and executes it with corresponding
input It to produce the output Ot. This new in-
formation is then used to update the history by
appending the latest reasoning step and model out-
put: Ht = Ht−1 ⊕ (Zt, Ot). This iterative cycle
continues until the agent produces a final answer,
allowing it to dynamically adapt its strategy based
on the information gathered at each step.

4 Experiments and Results

4.1 Experimental Setup
Benchmarks and Metric. We evaluate our
method on three standard long video benchmarks:
VideoMME (Fu et al., 2025), LongVideoBench
(Wu et al., 2024), and MLVU (Cui et al., 2024).

Models and Baselines. We implement Video-
Mind framework using two open source MLLMs
as backbones: Qwen 2.5 72B (Bai et al., 2025)
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Method Params LongVideo Bench VideoMME MLVU

Overall Overall Short Medium Long Overall

GPT-4o (OpenAI, 2023) - 66.7 71.9 - - 65.3 64.6
Gemini-1.5-Pro (Gemini et al., 2024) - 64.0 75.0 - - 67.4 64.0

InternVL2.5 72B (Chen et al., 2024) 78B 63.6 72.1 - - 62.6 75.7
LLaVA-OneVision (Li et al., 2024a) 72B 61.3 66.2 - - - 68.0
Qwen2.5-VL+AdaReTaKe (Ma et al., 2024) 72B 67.0 73.5 - - 65.0 78.1

Base Model (Llama 4 Scout) 17B 49.5 62.8 76.5 67.1 54.2 67.4
VideoMind (Llama 4 Scout) 17B 53.1 67.8 79.7 76.7 59.5 73.6

Base Model (Qwen-2.5-VL 72B) 72B 60.5 72.8 82.1 70.1 60.2 74.6
VideoMind (Qwen-2.5-VL 72B) 72B 63.1 77.6 81.5 77.8 64.5 77.2

Table 1: Video Mind on long video understanding benchmarks. We compare the performance of VideoMind,
against baselines using two backbones: Llama 4 Scout and Qwen-2.5-VL (72B).

and Llama 4 Scout (AI, 2025) (17B). We note
that smaller models (e.g., 7B parameters) were
found to be unsuitable. They lacked the sufficient
instruction-following capabilities required by our
framework, e.g. given input video frames they
struggled to generate a structured mode selection
configuration like the one in Sec. 3.4. We compare
VideoMind against its corresponding Base Model
version. For this baseline, the MLLM is given 768
uniformly sampled frames and the user query di-
rectly. We also compare our models against recent
LVU baselines and closed source methods to con-
textualize the performance improvements achieved
by VideoMind.

Implementation Details. VideoMind is initial-
ized with a sparse, uniformly sampled set of 64
frames (Vsub). We provide 1-shot examples of
mode selection in the prompt. We use a Nscale = 5
time scale options (10, 30, 90, 270, 600 seconds)
in our Multi Scale temporal search mode. To en-
sure a fair evaluation and prevent data leakage,
these examples are drawn from a separate dataset
(e.g., using MLVU examples when evaluating on
VideoMME). Across all experiments, the agent is
limited to engage in modes a maximum of 20 times
per question.

4.2 Long Video Understanding Performance

As shown in Table 1, our reasoning mode based
approach provides consistent and significant gains
across all benchmarks. On VideoMME, Video-
Mind improves the Llama 4 Scout accuracy from
62.8% to 67.8% and the Qwen 2.5 72B from
72.8% to 77.6%. The largest gains are observed on
Medium and Long videos, where temporal localiza-
tion is most critical. For instance, Llama 4 Scout
improves from 67.1% to 76.7% on Medium videos

and 54.2% to 59.5% on Long videos. Similar im-
provements over the base model are observed on
LongVideoBench and MLVU, as detailed in Table
1, demonstrating the general applicability of our
framework.

4.3 Which kind of tasks benefit the most?
To understand the specific capabilities enhanced
by our framework, we conduct a category-wise
breakdown of performance on Video-MME and
MLVU in Figure 2, using Llama 4 Scout.

On Video-MME (Fig. 2 left), VideoMind pro-
vides substantial improvements on tasks requiring
complex temporal understanding. The most sig-
nificant gains are in Action Reasoning (e.g., from
42% to 68%), Temporal Reasoning (from 50%
to 65%), and Temporal Perception (from 52%
to 68%). This highlights the effectiveness of our
Multi-Scale Temporal Search mode in guiding the
MLLM to identify and process the most salient
events across different times.

A similar trend is visible on the MLVU bench-
mark in Fig. 2 (right). Our framework shows
the largest improvements on Action Order (e.g.,
from 52% to 70%) and PlotQA (from 65% to
75%), both of which require synthesizing informa-
tion from multiple, distinct moments in the video.

4.4 Ablation Studies
4.4.1 Individual Mode Contributions
To understand the individual contributions of our
two modes, we conduct an ablation study where we
restrict the modes available to the agent (Table 2).
We compare four settings: (1) the Base Model with
no modes (2) Mdetail only, (3) Msearch only, and
(4) our Full Method (VideoMind) with both modes.

The results reveal a clear trend. Providing only
the Spatial Detail mode (+ Mdetail only) offers only
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Figure 2: Category-wise comparison of VideoMind’s performance compared to the base model using the Llama 4
Scout backbone on Video MME (left) and MLVU (right)

Method VideoMME LongVideoBench

Long Overall Overall

Base Model 54.2 62.8 49.5
+ Mdetail only 54.2 64.5 50.1
+ Msearch only 58.7 66.9 52.4
VideoMind 59.5 67.8 53.1

Table 2: Ablation on the individual contributions of
the Temporal Search (Msearch) and Spatial Detail
(Mdetail) modes. All results are for Llama 4 Scout.

a modest improvement over the baseline (64.5%
vs. 62.8% on VideoMME Overall), as the MLLM
struggles to locate the correct frames to analyze in
longer videos. Conversely, providing only the Tem-
poral Search mode (+ Msearch only) captures the
vast majority of the performance gain, achieving
66.9% Overall. This demonstrates that effective
temporal localization is the most critical factor for
long video understanding. Nonetheless, using both
modes for fine-grained analysis, achieves the high-
est performance (67.8%), confirming that Mdetail

provides a valuable, complementary benefit.

4.4.2 Temporal Mode Design: Granularity
Levels

Granularity Lvl. VideoMME LongVideoBench

Long Overall Overall

2 Levels 57.7 67.1 52.4
3 Levels 59.2 67.6 53.0
5 Levels 59.5 67.8 53.1

Table 3: Ablation on the number of time scale levels
available to the Temporal Search Mode (Msearch).
All results are for Llama 4 Scout.

We now ablate the design of our Multi-Scale
Temporal Search Mode (Msearch), specifically the

impact of the number of available options for the
time scale ∆t. We compare our 5 level method
against versions with 2 levels (10, 270 s) and 3
levels (10, 90, 270 s).

As detailed in Table 3, increasing the levels from
2 to 3 provides a clear boost from 57.7% to 59.5%
on VideoMME Long subset and 52.4% to 53.0% on
LongVideoBench. However, we observe diminish-
ing returns beyond this point. Increasing to 5 levels
yields only marginal gains (0.3% on VideoMME
Long and 0.1% on LongVideoBench).

4.4.3 Visual Detail Mode Design

Method Video LongVideo LongVideo

MME Overall S2A

VideoMind 67.8 53.5 72.5
w/ Grounding DINO 56.1 44.6 56.1
w/o Crop 66.4 52.2 64.3

Table 4: Ablation on the Spatial Detail Mode
(Mdetail) design. Our full method VideoMind is com-
pared against alternatives. Evaluated on Llama 4 Scout.

We first analyze the design of our Spatial Detail
mode (Mdetail) in Table 4. Our full method em-
powers the MLLM to perform iterative, focused
visual inspection by cropping and zooming. We
compare this against two alternatives: (1) replacing
Mdetail with an open-vocabulary detector (Ground-
ingDINO) that operates with the same input pa-
rameters and (2) a simplified version of the mode
(‘w/o Crop‘) where the mode can only view the full
frame.

The results confirm our design. The detector-
based approach yields significantly worse perfor-
mance (56.1% vs. 67.8% on VideoMME Overall),
as it struggles with the open-ended nature of the
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queries. More importantly, removing the crop-and-
zoom capability (‘w/o Crop‘) slightly degrades per-
formance from 67.8% to 66.4% on VideoMME and
from 53.5% to 52.2% on LongVideo. The perfor-
mance gap is most pronounced on the LongVideo
S2A subset, dropping from 72.5% to 64.3%, which
specifically requires fine-grained spatial attribute
recognition. This validates our design that enables
the MLLM to perform focused, iterative visual in-
spection.

5 Conclusion

We introduce VideoMind, a novel, training-free
agentic framework where an MLLM mimics the hu-
man reasoning process for long video understand-
ing. It overcomes fixed context limits by decom-
posing queries into multi-step plans and execut-
ing them by transitioning into specialized inter-
nal reasoning modes for multi-granular temporal
search and spatial detail analysis. This zero-shot
approach yields substantial gains on benchmarks
like Video-MME (improvement of 4.8% to 77.6%
when using Qwen 2.5 VL 72B), demonstrating
that complex reasoning can be unlocked from base
MLLMs intrinsic reconfiguration without costly
retraining. While performance is bound by the
MLLM’s fidelity, this scalable, self-specialization
paradigm represents a promising direction for long-
form video analysis.

6 Limitations

The performance of VideoMind is fundamentally
bound by the capabilities of the underlying MLLM.
Its effectiveness relies on the model’s reasoning and
instruction-following fidelity to both orchestrate
the investigative plan and manage transitions be-
tween reasoning modes effectively. Consequently,
our framework requires a sufficiently powerful base
model. As noted in our experiments, smaller mod-
els (e.g., 7B parameters) were found to be un-
suitable, as they lacked the necessary instruction-
following capabilities to manage the iterative mode-
switching workflow. Furthermore, the multi-step
nature of the reasoning loop requiring a forward
pass of the model in each step may introduce addi-
tional computational overhead, potentially increas-
ing total inference latency depending on the num-
ber of mode engagements required.

Additionally, our current approach is training-
free, relying on 1-shot examples to guide mode
engagement. While this demonstrates strong zero-

shot generalization, the agent’s planning strategy
is not explicitly optimized. Future work could ex-
plore lightweight fine-tuning to further improve
performance, as an optimized strategy for selecting
and utilizing these internal modes may yield further
gains.
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Supplementary Material:
VideoMind: Thinking in Steps for Long Video Understanding

A Related Work

Our work, VideoMind, builds upon advancements
in Multimodal Large Language Models (MLLMs),
Long Video Understanding (LVU), and the emerg-
ing paradigm of agentic AI systems that leverage
external tools.

A.1 Multimodal Large Language Models
The field of multimodal AI has been revolutionized
by MLLMs (OpenAI, 2023; Liu et al., 2023; Bai
et al., 2023; Team, 2023; AI, 2025; Zhang et al.,
2024; Zhu et al., 2025; Guo et al., 2025), which
integrate vision encoders with powerful Large Lan-
guage Models (LLMs) demonstrating remarkable
zero-shot capabilities in a wide range of vision-
language tasks. These models typically employ
a vision encoder (e.g., ViT Dosovitskiy (2020))
to extract image features, which are then mapped
into the LLM’s token space via a projection mod-
ule. While highly effective for static images and
short video clips, these architectures face signifi-
cant limitations when applied to long-form video.
The primary bottlenecks are the quadratic complex-
ity of self-attention mechanisms and fixed context
windows, which make processing the vast number
of tokens from hour-long videos computationally
prohibitive and prone to information loss or catas-
trophic forgetting (Fu et al., 2025). Our work cir-
cumvents this by using the MLLM not as a passive
processor of all frames, but as an intelligent agent
that actively seeks relevant information.

A.2 Long Video Understanding
Benchmarks. Early benchmarks like
Ego4D (Grauman et al., 2022) provided large-scale
datasets with long, egocentric videos, focusing on
episodic memory. More recent benchmarks have
been designed to test the long-context reasoning
capabilities of MLLMs across a spectrum of tasks.
These include comprehensive evaluations like
Video-MME (Fu et al., 2024) and the 20-task
MVBench (Li et al., 2024b). Others focus
on extreme length and "needle-in-a-haystack"
retrieval, such as LongVideo (Wu et al., 2024)
with its hour-long content, and LVBench (Wang
et al., 2025a) which uses TV series and sports.
Specialized benchmarks probe deeper temporal

reasoning: EgoSchema (Mangalam et al., 2023)
targets long-form reasoning where answers are
not localized to short clips, NExT-QA (Xiao et al.,
2021) focuses on causal and temporal action
rationale, and TempCompass (Liu et al., 2024b)
provides a fine-grained evaluation of temporal
order. In this work, we focus on three diverse
benchmarks to demonstrate generalizability:
Video-MME (Fu et al., 2025), MLVU (Cui et al.,
2024), and LongVideo(Wu et al., 2024).

Approaches for LVU. Existing approaches to
LVU can be broadly categorized by how they man-
age the computational burden of long contexts.
One line of work focuses on efficient architectures.
This includes models with recurrent state manage-
ment like Bulatov and Lempitsky (2022), adopt-
ing linear-complexity State Space Models (SSMs)
like VideoMamba (Park et al., 2024), or using effi-
cient attention mechanisms like RingAttention (Liu
et al., 2024a) to scale to millions of tokens. A
second strategy involves token reduction or com-
pression. This ranges from compressed memory
banks like MemViT (Wu et al., 2022) and segment-
based feature aggregation like LongVLM (Weng
et al., 2024), to more advanced Mamba-based tem-
poral projectors like STORM (Jiang et al., 2025)
that merge spatiotemporal information. A third
category employs coarse-to-fine or retrieval-based
mechanisms. For instance, SeViLA (Yu et al.,
2023) employs a language-aware localizer to re-
trieve keyframes, while AdaRetake (Ma et al.,
2024) learns to "retake" relevant segments from
a memory bank.

More recently, this retrieval-based philosophy
has recently evolved into agentic tool use frame-
works. Systems like Toolformer (Schick et al.,
2023) demonstrated that LLMs can learn to use ex-
ternal APIs, and this paradigm has been extended
into agentic frameworks that perform complex rea-
soning by planning and executing actions (?Ranas-
inghe et al., 2025). In LVU, this has inspired agen-
tic approaches like VideoAgent (Wang et al., 2024),
MovieChat (Song et al., 2024), Video-RAG (He
et al., 2024), Graph-VideoAgent (Chu et al., 2025),
Ego-R1 (Tian et al., 2024), Deep Video Discov-
ery (Zhang et al., 2025) and MR. Video(Pang and
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Wang, 2025). A common strategy in these works
is to orchestrate external, specialized models, such
as dedicated retrieval systems or powerful closed-
source APIs. While effective, this reliance on ex-
ternal modules can obscure whether performance
gains stem from the agentic reasoning process or
the power of the external tools themselves.

In contrast, our work investigates how a struc-
tured, agentic process can unlock the latent capa-
bilities within the base MLLM without reliance
on heavyweight external modules. We introduce a
novel suite of reasoning modes, including mecha-
nisms for multi-granular temporal search and fine-
grained spatial analysis, designed to leverage the
MLLM’s own intrinsic functions. Our framework,
VideoMind, demonstrates that significant improve-
ments can be unlocked from the base MLLM
through this structured, zero-shot process. Cru-
cially, it is implemented in a completely training-
free manner, making it a lightweight and versatile
solution adaptable to various off-the-shelf MLLMs.

B Robustness to In-Context Example
Selection

Method LongVideoBench VideoMME MLVU

Base Model 60.5 72.8 74.6
VideoMind 63.1 ±0.4 77.6 ±0.6 77.2 ±1.1

Table 5: Robustness of VideoMind to in-context ex-
ample selection. We report the average and standard
deviation (in parentheses) across 5 independent runs
using different randomly sampled in-context examples.
Performance remains stable, demonstrating that the se-
lection of our specialization modes are robust to the
specific choice of exemplar.

In this section we evaluate the sensitivity of our
framework to the specific choice of in-context ex-
ample used in Pagent . We follow the same setup
described in in Section 4.1 of the paper for our ex-
periment, using 64 frames (Vsub) and providing a
single example of mode selection and configuration
within the system prompt while using Qwen-2.5-
VL 72B as the base model for our experiments. As
in Section 4.1, these examples are drawn at ran-
dom from a separate dataset (e.g., utilizing MLVU
examples when evaluating on VideoMME).

We find that the specific choice of exemplar has
a limited impact on the overall effectiveness of the
reasoning loop. As shown in Table 5, VideoMind
maintains better performance than the Base Model
with the standard deviation being much lower than

performance improvement across different datasets.
The results for our method are reported as the aver-
age of 5 independent runs.
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