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Abstract—Video Large Language Models (Video LLMs) have
made significant advancements in various video understanding
tasks. However, long-video scenarios remain challenging due to
the inherent tension between limited visual token budgets and
the need to capture multiple key events. Existing approaches
typically process long videos in two stages, i.e., i) select keyframes
and ii) perform detailed perception, which exhibit significant
limitations: they lack a modular mechanism for adaptive capacity
allocation and self-correction, resulting in unreliable modeling.
To tackle these challenges, we propose MoD-VLLM, a novel
Modularized Dynamic-Granularity Video LLM framework for
multi-event long video understanding, which seamlessly unifies
temporal grounding and semantic understanding in an iterative,
self-reflective manner. Specifically, we propose a Positive-Negative
Video Segments Grounding module and a Modularized Dynamic-
Granularity Reflection module, which form a closed loop to
progressively localize the question-related video segments. The
grounding module instructs a Video LLM to distinguish relevant
from irrelevant video segments based on the video question. The
reflection module employs a modularized scheduler that dynam-
ically selects fine-grained encoding for relevant positive segments
to capture detailed perception and coarse-grained encoding for
negative segments to efficiently maintain global context, thereby
enabling adaptive granularity allocation. We further propose a
dynamic-granularity reinforcement learning strategy, allowing
MoD-VLLM to learn optimal grounding policies and dynamic
granularity visual representation jointly. Moreover, we propose
MEventBench, a challenging Multi-Event Long Video Bench-
mark to evaluate models for complex long video understanding
and reasoning. Extensive experiments on several long video
understanding benchmarks and our MEventBench demonstrate
that the proposed MoD-VLLM is able to significantly outperform
state-of-the-art baselines.

Index Terms—Long Video Understanding, Video LLM

I. INTRODUCTION

Recently, Video Large Language Models (Video LLMs)
have made significant advancements. By aligning Large Lan-
guage Models with vision encoders through instruction tuning,
video LLMs are able to perform various video understanding
tasks within a unified framework [1], [2].

Despite these advances, existing Video LLMs still exhibit
fundamental limitations in long video scenarios. Unlike short
videos, long videos commonly contain multiple events that are
sparsely and discontinuously distributed over time. In essence,
multi-event long video understanding presents a fundamental
dilemma: the tension between limited visual token budgets and
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Fig. 1. Conceptual comparison of different video LLM paradigms. Token
reduction methods cause critical detail loss when processing long videos.
Keyframe selection suffers from irreversible error propagation when localizing
wrong segments. Our MoD-VLLM overcomes these issues via iterative, self-
corrective grounding and modularized encoding with dynamic granularity.

the need to comprehensively capture multiple events. Existing
long-video methods fail to resolve this challenge.

Specifically, approaches shown in Figure 1(a) employ token
pruning or frame sampling strategies to reduce the visual
tokens [3], [4]. Such static visual modeling strategies over-
look the semantic importance differences among segments
and fail to capture fine-grained details that are critical for
answering the query. Other methods shown in Figure 1(b)
adopt two-stage strategies [5], [6], where keyframes are first
localized and then processed for detailed understanding. These
approaches lack effective self-reflection and error-correction
during localization, causing errors to accumulate once initial
predictions are biased. As a result, existing methods lack a
mechanism to adaptively allocate modeling capacity based
on segment importance and fail to perform effective self-
correction, leading to unreliable modeling of multiple key
events.



To address these challenges, as shown in Figure 1(c),
we propose MoD-VLLM, a novel Modularized Dynamic-
Granularity Video LLM for multi-event long video under-
standing. Specifically, our MoD-VLLM framework consists
of i) a Positive-Negative Video Segments Grounding module,
which first instructs the video LLM to identify and distinguish
relevant and irrelevant video segments regarding the multi-
event question, and ii) a Modularized Dynamic-Granularity
Reflection module, which adopts a modular scheduling mech-
anism to adaptively allocate dynamic granularity across video
frames. It performs fine-grained encoding on relevant seg-
ments to capture detailed semantics, while applying coarse-
grained encoding to irrelevant segments to efficiently main-
tain global visual context. The reflection module provides a
closed-loop feedback mechanism, where counterfactual gran-
ularity verification serves as a basic reflection process to
mitigate localization errors, progressively guiding the model
toward more accurate video segment localization. To optimize
the proposed MoD-VLLM framework, we further propose a
dynamic-granularity reinforcement learning strategy for opti-
mal grounding policies generation and dynamic granularity
representation learning. In addition, we construct and propose
MEventBench, a Multi-Event Benchmark for long video
understanding, which contains long videos with questions
about several key video segments and temporal dependencies.
Extensive experiments on several long video understanding
benchmarks and our MEventBench show that the proposed
MoD-VLLM framework is able to significantly outperform
existing state-of-the-art baselines.

In summary, we make the following contributions:
• We propose MoD-VLLM, a modularized dynamic-

granularity video LLM framework for accurate multi-
event long video understanding, which is capable of con-
ducting dynamic granularity iteration through positive-
negative video segments grounding and modularized
dynamic-granularity reflection.

• We propose a dynamic-granularity reinforcement learning
strategy to optimize the MoD-VLLM framework.

• We propose MEventBench, a multi-event benchmark for
long video understanding.

• We conduct extensive experiments on several long video
understanding benchmarks and our MEventBench, which
demonstrate that MoD-VLLM can outperform state-of-
the-art baseline methods.

II. RELATED WORK

Recently, advances in Large Language Models [7] have
led to the development of Video LLMs for temporal video
understanding through cross-modal alignment [8]. Models
such as Video-LLaMA [9] typically employ visual encoders
to extract frame-level features and project them into the
LLM’s space, sharing ideas with image-based LLMs [10].
However, when dealing with long videos, these models face
a critical challenge: processing all frames at high sampling
rates exceeds token limits, while reducing sampling rates risks
losing essential temporal information and visual details.

To address the token limitation in long video understand-
ing, some methods focus on compressing visual tokens.
Video LLMs like LongVU [4] reduce token counts, while
MovieChat [3] uses memory mechanisms for efficient com-
pression. However, these approaches often discard fine-grained
spatial-temporal details needed for complex video reasoning.
Other methods adopt a two-stage, coarse-to-fine strategy.
Approaches like VideoTree [6] and Adaptive Keyframe Se-
lection(AKS) [5] first identify key segments coarsely, then
analyze them in detail. While this strategy suffers from error
propagation if initial localization fails, and the two stages are
typically trained separately, leading to suboptimal alignment
between localization and understanding.

III. METHOD

We introduce our MoD-VLLM framework in this section.
Inspired by the application of video grounding for differ-
ent video tasks [11], [12] and modularization designs for
the multimodal large language models [13], we introduce
similar approaches to advance multi-event understanding in
long videos. As shown in Figure 2, MoD-VLLM designs a
Positive-Negative Video Segments Grounding module and a
Modularized Dynamic-Granularity Reflection module, which
operate iteratively for multi-event long video understanding.
Given a long video input, the grounding module first instructs
the video LLM to identify video segments relevant to the ques-
tion (positive segments) and treat the remaining as irrelevant
(negative segments). Based on this guidance, the reflection
module then employs a modularized encoding scheduler that
dynamically selects from a set of pre-defined granularity
modules (varying in per-frame token counts and sampling
rates). It represents positive segments with fine-grained tokens
for detailed perception, while encoding negative segments
coarsely to preserve global context. This dynamic granularity
representation replaces the original uniform-granularity tokens
and is fed back to the grounding module for iterative refine-
ment. Over several iterations, the video LLM progressively
refines both the grounding policy and the final answer to the
video question.

A. Positive-Negative Video Segments Grounding

Our grounding module uses two branches: uni-granularity
representation and question-frame similarity. The video LLM
then identifies question-relevant segments as positive and the
rest as negative.

Uni-granularity representation. Given a long video
v ∈ RT×H×W×C , we uniformly sample N frames ṽ ∈
RN×H×W×C . Each frame is encoded by a vision transformer:

{vclsi , v1i , v
2
i , . . . , v

patch
i } = V iT (ṽi), i = 1, . . . , N, (1)

and the global feature vclsi is projected into visual tokens:

zi = f(vclsi ), i = 1, . . . , N,

Z = {zi} ∈ RN×L×d,
(2)

where Z is the visual token sequence, d is the hidden dimen-
sion, and L is the tokens per frame.
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Fig. 2. Our MoD-VLLM framework for multi-event long video understanding. The positive-negative video segments grounding module instructs the video
LLM to generate a grounding policy that identifies question-relevant segments. The modularized dynamic-granularity reflection module then differentiates
encoding granularity: positive segments are encoded in a fine-grained manner for detail, while negative segments are encoded coarsely to retain global context.
Through iterative updates of the visual token sequence, the model refines grounding policies and answers. An optional counterfactual granularity sequence
(with reversed granularity assignments) is used for validation to mitigate error propagation.

Question-frame similarity representation. Using the same
frames and features, we compute similarity between vclsi and
question embedding q:

simi =
vclsi

∥vclsi ∥
q

∥q∥
,

Sim = {simi} ∈ RN .

(3)

Multi-event video grounding. To combine the two obtained
branches’ visual information into the video LLM, we design
a structured input paradigm that systematically integrates
visual tokens with the question-frame similarity guidance.
Specifically, we formulate this through a multi-modal prompt
template:

input = Concat(pinst, Z, pSim, ptask), (4)

where pinst denotes the instruction prompt ‘Based on the
following visual tokens and frame-query similarity scores:’,
pSim denotes the textual embeddings of the above question-
frame similarity sequence, and ptask denotes the task prompt
‘Identify which parts of the video segments are relevant to
the question query q’. The complete prompt also includes
some other examples of outputs and the necessary description
for the input video information, such as video duration. This
design enables the video LLM to simultaneously process
visual semantics and similarity guidance. The question-frame
similarities with higher scores would directly guide the video
LLM to pay attention to the fact that these video segments
are semantically close to the long video question. The final

segments’ grounding output would be responded to by the
video LLM in a restricted JSON format:

output = V idLLM(input)

= [[s1, e1], ..., [sj , ej ]],
(5)

where s and e denote the start time and end time for one
grounding segment, and the number of j is irregular depending
on the related video events to the question. These video seg-
ments are currently considered positive video segments more
related to the video question, while the rest are considered
negative video segments.

B. Modularized Dynamic-Granularity Reflection

Based on the grounding results, we apply dynamic granu-
larity encoding to differentiate positive and negative segments.

Modularized encoding modules with dynamic gran-
ularity. We build a set of encoding modules E =
{ϕ1, . . . , ϕb−1, ϕb, ϕb+1, . . . , ϕK} by fine-tuning the projec-
tion layers between the visual encoder and the LLM. A shared
ViT backbone extracts features, while switchable projections
produce tokens at different granularities. By combining mod-
ules with different per-frame token budgets and sampling
rates, we can flexibly tailor the information density of the
visual representation to meet diverse video understanding
requirements. ϕm = ϕb represents the initial uniform encoding
granularity on the video segments grounding. Coarser module
ϕc = ϕb−1 reduces tokens per frame for compression and finer
modules ϕf = ϕb+1 increases tokens for detail. {ϕi, i < b−1}
denotes the coarse-grained encoding module applying a lower
frame sampling rate compared to the initial setting, while



{ϕi, i > b + 1} denotes the fine-grained encoding module
applying a higher frame sampling rate, and their sampling rates
are sorted from low to high. Based on the constructed group of
encoding modules, we can assert that if p > n, then encoding
module ϕp would contain richer visual information than ϕn.

Modularized encoding scheduler. For detailed percep-
tion on the key video segments, we aim to encode positive
segments as fine-grained as possible without exceeding the
LLM’s token limit Lmax. Let rk be the token generation
rate (tokens/frame) of module ϕk. After grounding, we obtain
positive frame count Tp and negative frame count Tn, with
proportion ρ = Tp/T . Granularity levels for negative and
positive segments are computed as:

GranularityLevelneg(ρ) = b− ⌊(b− 1) · ρα⌋ ,
GranularityLevelpos(ρ) = b+ ⌊(K − b) · (1− ρα)⌋ ,

(6)

where α ∈ [1.5, 2.0] is an adjustable factor. The corresponding
encoding modules are selected as:

ϕn = ϕmax(1,min(GranularityLevelneg(ρ),b))
,

ϕp = ϕmin(K,max(GranularityLevelpos(ρ),b)).
(7)

The total token budget must satisfy:

Tp · rp + Tn · rn ≤ Lmax. (8)

If the budget is exceeded, we first downgrade ϕn (negative
segments) to a coarser module, then ϕp if needed. Conversely,
if tokens are far below Lmax, we upgrade ϕp first. This can
be summarized as the optimization:

maximize
ϕp,ϕn∈E

wp · rp − wn · rn,

subject to Tp · rp + Tn · rn ≤ Lmax,

rp ≥ r(ϕbase) ≥ rn,

ϕp ∈ {ϕb, ϕb+1, . . . , ϕK},
ϕn ∈ {ϕ1, ϕ2, . . . , ϕb},

(9)

where wp, wn are preference weights for positive/negative
segments.

Given the selected modules, we encode each continuous
video segment si with its assigned module ϕi ∈ {ϕp, ϕn},
producing the final dynamic granularity token sequence:

Z ′ = {ϕ1(s1), ϕ2(s2), . . . , ϕt(st)}, (10)

which replaces the original uniform token sequence Z and is
fed back to the grounding module for iterative refinement.

C. Dynamic Granularity Iteration with RL

We combine the grounding and reflection modules into
an iterative framework, and optimize the MoD-VLLM via a
dynamic granularity reinforcement learning strategy.

Dynamic granularity iteration. To enable multi-event un-
derstanding, we iteratively alternate between grounding and
reflection. After the first iteration, we replace the original
uniform token sequence Z with the dynamic granularity tokens

Z ′ for subsequent grounding. Two multimodal inputs are
constructed:

inputgrounding = Concat(pinst, Z
′, pSim, ptask),

inputanswering = Concat(Z ′, q),
(11)

where inputgrounding follows the same structure as Eq. 4,
and q is the original question. Both inputs include textual
instructions about the temporal arrangement of the interleaved
tokens. The answer is obtained by feeding inputanswering to
the video LLM.

To mitigate error propagation from missed relevant seg-
ments (which would be encoded coarsely), we introduce a
counterfactual validation in the first reflection step. In addition
to Z ′, we generate a counterfactual token sequence:

Z ′′ = {ϕ′
1(s1), ϕ

′
2(s2), . . . , ϕ

′
t(st)}, (12)

where ϕ′
i is assigned by the scheduler under reversed

positive-negative classification. Z ′′ is used only in the first
iteration. During the second grounding step, the model pro-
cesses both Z ′ and Z ′′ and merges the two grounding outputs
to reduce error propagation.

Dynamic granularity reinforcement learning. To improve
grounding accuracy, we optimize our MoD-VLLM framework
using direct preference optimization (DPO) within our iterative
framework. During grounding, the model is instructed to
generate multiple candidate policies {pi} (each in the JSON
format of Eq. 5). Each policy leads to a dynamic token
sequence Zi via the scheduler.

A high-quality token sequence should represent
question-relevant frames in detail while compressing
irrelevant parts. Therefore, feeding a well-structured Zi to
the video LLM should produce an answer closer to the
ground truth, having a lower cross-entropy loss. Conversely,
a poor sequence would increase loss. Inspired by RLHF [20],
we apply DPO [21], [22] using the cross-entropy scores as
implicit preferences. Let pw be the policy with the smallest
loss and pl a policy with a larger loss. The DPO objective is:

LDPO(πθ;πref ) =

− E(q,v,pw,pl)∼D[log σ(β log
πθ(pw|q, v)
πref (pw|q, v)

− β log
πθ(pl|q, v)
πref (pl|q, v)

)],

(13)

where πθ is the trainable video LLM, πref is a fixed reference
video LLM, σ is the sigmoid function, β is a scaling parameter,
and D is the training dataset.

IV. EXPERIMENT

Implementations. We use LLaVA-Video(7B) [19] as the
video LLM backbone. Fine-tuned encoding modules ϕcoarse,
ϕmedium, ϕfine produce 36, 64, and 169 tokens per frame
respectively. For initial grounding, we compute similarity
scores with CLIP [23] and sample 128 frames using the
medium-grained encoder (64 tokens/frame), with initial sam-
pling rate NT = 128/Tvideo. The full encoding set in-
cludes {(0.2NT , ϕcoarse), (0.5NT , ϕcoarse), (NT , ϕcoarse),
(NT , ϕmedium), (NT , ϕfine), (2NT , ϕfine), (3NT , ϕfine)}.



TABLE I
PERFORMANCE COMPARISON ON LONG VIDEO UNDERSTANDING BENCHMARKS. * DENOTES APPLYING GPT-4 AS LLM FOR THE MAIN RESULT.

Models Size VideoMME Lvbench MLVU Dev MEventBench
Short Medium Long Overall

Duration(min) ≤2 4∼15 30∼60 1∼60 30∼140 3∼120 15∼100

Video-RAG [14] 7B 66.4 60.2 59.8 62.1 39.3 65.2 52.5
LongVU [4] 7B 64.7 58.2 59.5 60.9 38.3 65.4 51.2
Video-XL [15] 7B 67.4 60.7 54.9 61.0 37.7 64.9 49.3
Video-XL2 [16] 8B 73.7 65.9 60.2 66.6 48.4 74.8 53.8
VITA 1.5 [17] 7B 67.0 54.2 47.1 56.1 32.1 60.2 45.9
AKS [5] 7B - - - 65.4 46.8 70.1 55.7
VideoTree [6] * - - 54.2 - - - 55.4
Qwen2.5-VL [18] 7B 81.4 70.8 62.6 71.6 45.3 75.5 60.8

LLaVA-Video [19] 7B 78.0 69.3 61.8 69.7 43.2 71.4 59.2
Ours-MoD-VLLM w/ LLaVA-Video 7B 80.3 72.4 66.9 73.2 49.6 78.2 64.8

We run three dynamic granularity iterations per video. Further
parameters and training details are in the supplement.

Evaluation. We evaluate on long-video benchmarks:
VideoMME [24], Lvbench [25], and MLVU [26], report-
ing accuracy on multiple-choice questions. To assess com-
plex multi-event reasoning, we construct MEventBench,
containing 1200 video-question pairs from VideoMME,
Longvideobench [27], InfiniBench [28], and CG-Bench [29].
Each video includes at least three question-related segments
dispersed in time. In summary, we classify the type of our
selected multi-event data into multi-event counting, ordering,
and reasoning. More details are provided in the supplement.

A. Main Result on Long Video Understanding

Table I reports results on long-video benchmarks.
Our MoD-VLLM achieves higher average accuracy on
longer videos (2min), outperforming state-of-the-art meth-
ods of similar scale. These include open-source video
LLMs (LongVU [4], Video-XL2 [16], Qwen2.5-VL [18])
and two-stage coarse-to-fine approaches (Video-RAG [14],
AKS [5], VideoTree [6]). On our MEventBench, MoD-VLLM
also surpasses the strongest baseline, validating the effective-
ness of dynamic granularity iteration for complex multi-event
reasoning.
B. Ablation Study

In this section, we provide ablation results about our con-
cerned questions as follows.

TABLE II
ABLATION STUDY ON DIFFERENT MULTI-EVENT TASKS.

Method MEventBench

Counting Ordering Reasoning Overall

Qwen2.5-VL 64.2 61.1 57.2 60.8
LLaVA-Video 62.0 59.4 56.3 59.2
MoD-VLLM 69.4 64.2 62.1 64.8

Performance on different multi-event tasks. Table II
shows results across task categories on MEventBench. MoD-
VLLM outperforms strong video LLM baselines in all cat-
egories, achieving an overall accuracy of 64.8%, which is
4.0% and 5.6% higher than Qwen2.5-VL and LLaVA-Video,
respectively. The largest gain appears in Counting (69.4%,
+5.2% over Qwen2.5-VL), highlighting our dynamic granu-
larity iteration’s ability to localize sparse, distributed events.

Improvements in Ordering (64.2%) and Reasoning (62.1%)
further confirm the framework’s strength in modeling tem-
poral relations and complex inference, enabled by iterative
refinement and positive-negative context modeling. These re-
sults demonstrate that allocating fine-grained representation to
critical segments while maintaining global context is key to
comprehensive long-video understanding.

TABLE III
ABLATION STUDY ON INPUT MODALITIES FOR GROUNDING.

Method VideoMME MEventBench

Counting Ordering Reasoning

MoD-VLLM w/ V+S 73.2 69.4 64.2 62.1
MoD-VLLM w/ V 67.1 65.8 60.3 57.7
MoD-VLLM w/ S 62.5 59.6 55.0 51.8

Why apply both visual representation and similarity
sequence for grounding instruction? We evaluate the con-
tribution of visual tokens (V) and similarity scores (S) to
grounding. As Table III shows, using both (V+S) achieves
the best performance across VideoMME and all MEventBench
tasks. Relying only on visual tokens (V) or only similarity (S)
leads to clear drops, with similarity-alone performing weakest.

The advantage of V+S stems from two factors. First,
CLIP-based similarity, trained on short image-text pairs, does
not fully capture the alignment between long questions and
video frames. Second, without similarity as a prior, the video
LLM initially trained for QA struggles to ground multiple
segments under DPO, due to the cold start in a more complex
task. The visual tokens provide dense semantics while the
similarity scores offer a direct question-frame relevance signal,
enabling robust mutual verification and improving grounding
accuracy.

Case Analysis. To demonstrate MoD-VLLM’s complex
video reasoning, Figure 3 visualizes a multi-event counting
example with the question: “How many items did the woman
take out of her bag?” The task is challenging because the
key segments are distributed over time and require detailed
perception (e.g., two phones are taken simultaneously in one
segment). Through dynamic granularity iteration, our model
is able to progressively refine its attention and produce a
granularity encoding that highlights all relevant segments
where items are removed.
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V. CONCLUSION

In this paper, we propose MoD-VLLM, a novel modularized
dynamic-granularity video LLM framework with reflection for
multi-event long video understanding. Specifically, we design
the Positive-Negative Video Segments Grounding module and
the Modularized Dynamic-Granularity Reflection module to
enable dynamic granularity iteration on complex long videos.
We further propose a dynamic-granularity reinforcement learn-
ing strategy to optimize MoD-VLLM with dynamic granular-
ity representation. We construct and propose MEventBench, a
multi-event benchmark for long video understanding. Exten-
sive experiments on several long video understanding bench-
marks and our MEventBench demonstrate that the proposed
MoD-VLLM framework outperforms existing state-of-the-art
baselines on processing complex long videos with multiple
question-relevant segments.
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