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Abstract
Video Large Language Models (video LLMs) have demonstrated
remarkable capabilities in video understanding tasks, such as video
question answering and temporal localization. However, under-
standing long videos still remains a significant challenge. Existing
video LLMs adopt uni-granularity tokens for long videos, failing
to simultaneously understand both high-level semantics and low-
level visual details in videos. To tackle this problem, we propose
ReCrossVLLM, a reflective cross-granularity grounding frame-
work for video LLM with preference optimization to collaboratively
achieve long video understanding, which not only retains the ca-
pabilities of high-level video semantics understanding, but also
strengthens the fine-grained understanding abilities. Specifically,
we propose the coarse-to-fine grounding and fine-to-coarse reflec-
tion strategies for long video understanding. In the coarse-to-fine
grounding strategy, the video LLM with a coarse-grained module
first locates the key video segments from the long video by tack-
ling massive frames of the long video with fewer per-frame tokens.
And then video LLM adapted with the fine-grained module further
analyzes the key video segments with more per-frame tokens so
that it can understand fine-grained information. In case the video
LLM locates the wrong key video segments, during the inference
stage, our designed fine-to-coarse reflection strategy instructs the
fine-grained module to reflect the effectiveness of the locating re-
sult and decide whether to return to the coarse-to-fine grounding
strategy with reflection feedback. Additionally, during the train-
ing stage, the coarse-to-fine grounding strategy is optimized with
our proposed cross-granularity preference optimization strategy
to further improve grounding efficiency. Extensive experiments
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for long video question answering and temporal video grounding
tasks demonstrate that our proposed ReCrossVLLM framework can
significantly improve the Video Large Language Model for long
video understanding.
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1 Introduction
Recently, Video Large Language Models (video LLMs) have made
significant progress in video understanding tasks such as video
question answering and temporal localization [48]. By leveraging
techniques like modality alignment and visual instruction tuning,
several models [15, 18, 29] have been developed to improve tempo-
ral video representation learning and comprehension.

Despite the success of video LLMs, understanding long videos
still remains a significant challenge [34, 42, 52]. Compared to short
videos, long videos involve much more frames and thus require
much more tokens that may exceed the token length limits of the
LLMs [31, 41]. Existing video LLMs for long videos generally adopt
uni-granularity tokens to represent the videos and then adopt the
token pruning methods or frame sampling methods to reduce the
token number [1, 15, 33]. However, the token pruning methods may
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Figure 1: Comparison between existing works and our cross-granularity video LLM framework. Figure 1(a) denotes token
reduction for long video understanding, which limits the video LLMs for detailed video perception. Figure 1(b) represents the
frame sampling method, which would ignore massive intermediate question-related frames when analyzing long videos.

suffer from losing visual details, and the frame sampling methods
will even lose high-level temporal semantic context.

To address these problems, as shown in Figure 1, different from
existingworks that adopt uni-granularity tokens and then reduce to-
kens, we propose ReCrossVLLM, a novel reflective cross-granularity
grounding framework for video LLM, with adaptive modules of dif-
ferent granularities and cross-granularity preference optimization
to collaboratively achieve long video understanding. The proposed
ReCrossVLLM works similarly to the way that humans try to
answer a question for a given long video, where we first skim
through the video to roughly understand the global semantics of
the video, and then watch the segments relevant to the question in
a fine-grained manner. Specifically, ReCrossVLLM consists of: i) a
Video LLMwith a coarse-grained module that processes more video
frames with fewer tokens per frame, tackling massive frames of the
long video; and and ii) a video LLM with a fine-grained module pro-
cessing fewer frames through more per-frame visual tokens. With
the cross-granularity modules, we design coarse-to-fine grounding
and fine-to-coarse reflection strategies for cross-granularity long
video understanding. During the coarse-to-fine grounding strate-
gies, we first utilize the video LLM with the coarse-grained module
to locate the key video segments from the long video according to
the textual input. And then instruct the video LLM adapted with
the fine-grained module to further analyze the key video segments
with more per-frame tokens so that it can understand fine-grained
visual information. In case the video LLM locates the wrong key
video segments, during the inference stage of our cross-granularity
method, we design the fine-to-coarse strategy, prompting the video
LLM with the fine-grained module to reflect the effectiveness of
the locating result, and decide whether to return information to the
coarse-to-fine grounding strategy with prior reflection. In addition,
during the training stage, we introduce a cross-granularity prefer-
ence optimization strategy (based on direct preference optimization,
DPO [28]) to further improve grounding efficiency by learning from
pairwise preferences among candidate policies. Extensive experi-
ments demonstrate that our ReCrossVLLM framework significantly
outperforms existing Video LLMs in long video question answering
and temporal video grounding tasks.

To summarize, we make the following contributions:

• We propose ReCrossVLLM, a reflective cross-granularity
grounding framework with preference optimization for long
video understanding.

• We propose coarse-to-fine grounding and fine-to-coarse re-
flection strategies, where the grounding process is further
optimized via cross-granularity preference optimization.
• Extensive experiments show that ReCrossVLLMoutperforms
state-of-the-art baselines in long video question answering
and temporal grounding, demonstrating its superiority in
capturing both high-level semantics and low-level visual
details.

2 Related Work
2.1 Video Large Language Model
With the rapid development of Large Language Models [36], sig-
nificant research has been devoted to enabling LLMs for temporal
visual information understanding [18, 48]. These Large Language
Models capable of processing video input, could be collectively re-
ferred to as Video Large Language Models. To process multimodal
information, normally video LLMs first would employ large-scale
multimodal datasets [4, 22, 30] with images, and videos paired with
textual input to align visual features with the feature space of LLMs
through the visual encoders, and use an amount of GPT-annotated
or human-annotated datasets for instruction tuning in the sec-
ond stage [23]. Many video LLMs, such as Video-LLaMA [7, 48],
VideoChat [18], and Video-LLaVA [21] share similar methods with
image LLMs [1, 5] through inputting entire image patches or mas-
sive visual tokens (with more than 200 tokens per frame) to the
transformer architecture [40] of LLMs. These methods, however,
all have critical challenges when dealing with long video under-
standing tasks due to exceeding the maximum token limitations for
visual representation or only processing a small number of sampled
video frames in the video, resulting in the loss of keyframe capture.

2.2 Video LLMs for Long Video Understanding
To address the critical challenges of long video understanding, video
LLMs such as LLaMA-VID [20], MovieChat [33], and LongVU [31]
have been developed for long video understanding through com-
pressing each video frame into one or a few visual tokens so that
the language model is able to handle all the visual representations
from the entire video input [32]. However, since these methods are
pre-trained from a short video understanding model and reduced
visual representation features of each video frame, they are unable
to analyze detailed visual information for long videos.
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Figure 2: Our ReCrossVLLM framework, including a video LLMwith a coarse-grainedmodule to process more visual frames, and
a video LLMwith a fine-grainedmodule processingmore per-frame visual tokens of fewer frames. In our designed coarse-to-fine
grounding strategy, the coarse-grained video LLM would localize the question-related short video segment and send it to the
fine-grained video LLM for detailed perception. In case the coarse-grained video LLM locates the wrong video segments, during
our fine-to-coarse reflection strategy, the fine-grained video LLM will reflect the effectiveness of the grounding result and
determine whether to go back to the coarse-to-fine grounding strategy for re-grounding with prior feedback.

On the other hand, some methods, such as VideoTree [39] and
VideoAgent [38], adopted the paradigm of first selecting keyframes
for next-stage detailed perception [35], aiming to expand two-stage
strategies [45, 47] to long video understanding. However, these
methods primarily employ training-free approaches or only involve
basic model fine-tuning, failing to optimize the overall strategy.
They overlook the reflection refinement and specific training for
strategies when the model incorrectly selects keyframes, which
would compromise the accuracy of long video analysis.

3 The Proposed ReCrossVLLM Framework
In this section, we will introduce our ReCrossVLLM framework. As
shown in Figure 2, our ReCrossVLLM framework includes video
LLMs with a coarse-grained module and a fine-grained module,
collaborating through our designed coarse-to-fine grounding and
fine-to-coarse reflection strategies. In the coarse-to-fine grounding
strategy, video LLM processes a large number of frames from the
long video using fewer visual tokens per frame, allowing the coarse-
grained module to efficiently identify key video segments. The
key segment is then passed to the fine-grained video LLM, which
analyzes it in greater detail using more tokens per frame to capture
fine-grained visual information. In the fine-to-coarse reflection
strategy, in case the coarse-grained video LLM locates the wrong
key video segments, the fine-grained video LLM will reflect the
effectiveness of the grounding result and determine whether to
go back to the coarse-to-fine grounding strategy for re-grounding
correct segments.

3.1 Coarse-to-Fine Grounding
The coarse-to-fine grounding includes a coarse-grained grounding
model and a fine-grained answering model, which are our pre-
finetuned coarse-grained video LLM and fine-grained video LLM,
respectively.

Coarse-grained Grounding. Given a long video input 𝑣 ∈
𝑅𝑇×𝐻×𝑊 ×𝐶 with 𝑇 frames, the coarse-grained video LLM would
uniformly sample 𝑁 frames, represented as 𝑣̃ ∈ 𝑅𝑁×𝐻×𝑊 ×𝐶 , and
process these frames through the vision transformer (ViT) indepen-
dently:

{𝑣𝑐𝑙𝑠𝑖 , 𝑣1𝑖 , 𝑣
2
𝑖 , ..., 𝑣

𝑝𝑎𝑡𝑐ℎ

𝑖
} =𝑉𝑖𝑇 (𝑣̃𝑖 ), 𝑖 = 1, 2, ..., 𝑁 , (1)

where 𝑝𝑎𝑡𝑐ℎ represents the number of patches of the ViT. Utilizing
the global feature 𝑣𝑐𝑙𝑠𝑖 as the feature for the i-th frame. The video
LLM then applies a projection layer to map the ViT features into
the feature space of the LLM:

𝑧𝑖 = 𝑓 (𝑣𝑐𝑙𝑠𝑖 ), 𝑖 = 1, 2, ..., 𝑁 ,

𝑍 = {𝑧𝑖 } ∈ 𝑅𝑁×𝐿×𝑑 ,
(2)

where 𝑍 is the input sequence LLM able to understand, 𝑑 is the
dimension of LLM’s hidden space, and 𝑁 × 𝐿 is the total number of
visual tokens for the input video. Noted that for the video LLMwith
different settings, the parameters 𝑁 (number of sampled frames)
and 𝐿 (number of tokens per frame) from the above equations may
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vary1. Since we require the coarse-grained video LLM to have the
global understanding capability and temporal boundary perception
capability on the input long videos. To achieve that, compared to the
default setting of the original video LLM, we increase the number
of sampled frames 𝑁 to process more more video frames and gain a
more comprehensive global understanding of the input long video
while decreasing the number of tokens per frame 𝐿 at a lower level,
to ensure that 𝑁 × 𝐿 does not exceed the LLM processing limit for
visual tokens.

After the processing of visual information, we introduce a prompt
guidance 𝑃𝑐 for coarse-grained grounding in the textual format,
which is designed to stimulate the video LLM to temporally local-
ize the most relevant short video segments to the textual question
input and send the temporal grounding results. To enable the LLM
aware of the original length of the input video before grounding
prediction, we insert the statement ‘The length of the original video
is 𝑡𝑡𝑜𝑡𝑎𝑙 seconds’ in the prompt 𝑃𝑐 , where 𝑡𝑡𝑜𝑡𝑎𝑙 is the total duration
of the original long video. The prompt 𝑃𝑐 and the original video
question 𝑞 are first combined and transformed into the textual em-
bedding list [𝑤1,𝑤2, ...,𝑤𝑀 ] = 𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟 (𝑃𝑐 , 𝑞), where 𝑤𝑖 ∈ 𝑅𝑑

is the embedding of the word token and 𝑀 is the word number.
Then, the video feature sequence will be inserted to form the input
content for the video LLM:

𝑖𝑛𝑝𝑢𝑡 = [𝑍,𝑤1,𝑤2, ...,𝑤𝑀 ], (3)

so that the video LLM can further encode the input embedding
to understand the video, related question, and our coarse-grained
prompt, and give the final response:

𝑝𝑔𝑟𝑜𝑢𝑛𝑑𝑖𝑛𝑔 =𝑉𝑖𝑑𝐿𝐿𝑀𝑐𝑜𝑟𝑎𝑠𝑒−𝑔𝑟𝑎𝑖𝑛𝑒𝑑 (𝑖𝑛𝑝𝑢𝑡),
𝑝𝑔𝑟𝑜𝑢𝑛𝑑𝑖𝑛𝑔 = {𝑡𝑠𝑡𝑎𝑟𝑡 , 𝑡𝑒𝑛𝑑 , 𝑎𝑛𝑠𝑤𝑒𝑟 }, (4)

where 𝑝𝑔𝑟𝑜𝑢𝑛𝑑𝑖𝑛𝑔 is the output policy prompted in the JSON format
and contains the predicted start timestamp 𝑡𝑠𝑡𝑎𝑟𝑡 and end timestamp
𝑡𝑒𝑛𝑑 of the video segment that the video LLM judges is most relevant
to the original video question. Since video LLM with the coarse-
grained module may encounter relatively simple video questions
for short videos, it is also prompted allowed to give policies with
direct output 𝑎𝑛𝑠𝑤𝑒𝑟 in simple video cases.

Fine-grained Answering. With the predicted start timestamp
𝑡𝑠𝑡𝑎𝑟𝑡 and end timestamp 𝑡𝑒𝑛𝑑 , we obtain the video segment 𝑣 ′ ∈
𝑅𝑇
′×𝐻×𝑊 ×𝐶 with 𝑇 ′ =𝑇

𝑡𝑒𝑛𝑑−𝑡𝑠𝑡𝑎𝑟𝑡
𝑡𝑡𝑜𝑡𝑎𝑙

frames. The fine-grained video
LLM would sample 𝑁 ′ frames represented as 𝑣̃ ∈ 𝑅𝑁 ′×𝐻×𝑊 ×𝐶 and
process visual frames similar to the coarse-grained module:

{𝑣𝑐𝑙𝑠𝑖 , 𝑣1𝑖 , 𝑣
2
𝑖 , ..., 𝑣

𝑝𝑎𝑡𝑐ℎ

𝑖
} =𝑉𝑖𝑇 (𝑣̃𝑖 ), 𝑖 = 1, 2, ..., 𝑁 ′,

𝑧𝑖 = 𝑓 ′ (𝑣𝑐𝑙𝑠𝑖 ), 𝑖 = 1, 2, ..., 𝑁 ′,

𝑍 = {𝑧𝑖 } ∈ 𝑅𝑁 ′×𝐿′×𝑑 .

(5)

Since the fine-grained video understanding module is designed
for video LLM to analyze the localized short video content related
to the input query, which is relatively shorter, and its visual infor-
mation is more worthy of in-depth extraction and understanding.
Therefore, we increase the number of tokens per frame 𝐿 compared
to the default setting of the original video LLM, enabling the model

1Normally LLMs have token limits. Therefore, the value of 𝑁 × 𝐿 cannot exceed a
certain threshold.

to have fine-grained perception under visual frames from the rela-
tively short video while decreasing the number of sampled frames
𝑁 to keep 𝑁 × 𝐿 within the capabilities of LLM.

After the processing of visual information, we transform the orig-
inal video question𝑞 into a textual embedding list [𝑤1,𝑤2, ...,𝑤𝑀 ] =
𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟 (𝑞) to encode the input embedding for the short video
segment understanding:

𝑖𝑛𝑝𝑢𝑡 = [𝑍,𝑤1,𝑤2, ...,𝑤𝑀 ],
𝑜𝑢𝑡𝑝𝑢𝑡 =𝑉𝑖𝑑𝐿𝐿𝑀𝑓 𝑖𝑛𝑒−𝑔𝑟𝑎𝑖𝑛𝑒𝑑 (𝑖𝑛𝑝𝑢𝑡),

(6)

and we obtain the detailed perception answer 𝑜𝑢𝑡𝑝𝑢𝑡 responded
by the video LLM adapted with the fine-grained module, which
analyzes the key video segment with more per-frame visual tokens.

3.2 Fine-to-Coarse Reflection
The fine-to-coarse reflection includes a fine-grained reflectionmodel
and a coarse-grained re-groundingmodel, which are consistent with
the fine-grained video LLM and coarse-grained video LLM of the
last section. Considering it is possible for the coarse-grained video
LLM to produce incorrect grounding results in a single inference,
during our fine-to-coarse reflection strategy, in addition to gener-
ating normal responses under fine-grained visual representations,
the video LLM with the fine-grained module is also prompted to
provide reflective judgments on the validity of the received short
video segments and decide whether it requires re-grounding the
relevant video segments.

Fine-grained Reflection. The visual information processing
during the fine-grained reflection is the same as that of the fine-
grained answering module. Different from the textual processing of
fine-grained answering, we design prompt guidance 𝑃𝑓 for fine-to-
coarse reflection prompt in the textual format, which instructs
the video LLM to provide reflective judgments on the validity of the
received grounded video segments. The fine-grained prompt 𝑃𝑓 and
the original video question 𝑞 would be combined and transformed
into the textual embedding list [𝑤1,𝑤2, ...,𝑤𝑀 ] =𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟 (𝑃𝑐 , 𝑞)
for short video understanding and reflection:

𝑖𝑛𝑝𝑢𝑡 = [𝑍,𝑤1,𝑤2, ...,𝑤𝑀 ],
𝑝𝑟𝑒 𝑓 𝑙𝑒𝑐𝑡𝑖𝑜𝑛 =𝑉𝑖𝑑𝐿𝐿𝑀𝑓 𝑖𝑛𝑒−𝑔𝑟𝑎𝑖𝑛𝑒𝑑 (𝑖𝑛𝑝𝑢𝑡),
𝑝𝑟𝑒 𝑓 𝑙𝑒𝑐𝑡𝑖𝑜𝑛 = {𝑟𝑒 𝑓 𝑙𝑒𝑐𝑡𝑖𝑜𝑛, 𝑎𝑛𝑠𝑤𝑒𝑟 },

(7)

where the output policy in the JSON format contains two aspects,
which are 𝑟𝑒 𝑓 𝑙𝑒𝑐𝑡𝑖𝑜𝑛 and 𝑎𝑛𝑠𝑤𝑒𝑟 . The 𝑟𝑒 𝑓 𝑙𝑒𝑐𝑡𝑖𝑜𝑛 denotes the tex-
tual reason that the grounded short video is not suitable for the
original question and requires another attempt for related seg-
ment grounding, and it would be returned to the coarse-grained
re-grounding module. If the video LLM judges the localized video to
be suitable for question answering, the 𝑟𝑒 𝑓 𝑙𝑒𝑐𝑡𝑖𝑜𝑛 would be empty
and 𝑎𝑛𝑠𝑤𝑒𝑟 would be the final output to the video question.

Coarse-grained Re-grounding. If the judgement of the fine-
to-coarse reflection indicates that the grounded short video is not
related to the video question, this 𝑟𝑒 𝑓 𝑙𝑒𝑐𝑡𝑖𝑜𝑛 information of the
temporalization would be transformed into the format of ‘𝑡𝑠𝑡𝑎𝑟𝑡 to
𝑡𝑒𝑛𝑑 is not the suitable grounding segments because...’ and it will be
returned to the coarse-grained video LLM.

The visual information processing during the coarse-grained
re-grounding is the same as that of the coarse-grained grounding
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module. During the textual processing, we will first combine the
reflection and coarse-grained prompt to form a new coarse-grained
grounding prompt 𝑃𝑐 = (𝑃𝑐 , 𝑟𝑒 𝑓 𝑙𝑒𝑐𝑡𝑖𝑜𝑛) with the last time ground-
ing feedback. And the updated coarse-grained grounding prompt
𝑃𝑐 is transformed similarly [𝑍,𝑤1,𝑤2, ...,𝑤𝑀 ] = 𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟 (𝑃𝑐 , 𝑞)
compared to the coarse-grained groundingmodule for re-grounding:

𝑖𝑛𝑝𝑢𝑡 = [𝑍,𝑤1,𝑤2, ...,𝑤𝑀 ],
𝑝𝑔𝑟𝑜𝑢𝑛𝑑𝑖𝑛𝑔 =𝑉𝑖𝑑𝐿𝐿𝑀𝑐𝑜𝑎𝑟𝑠𝑒−𝑔𝑟𝑎𝑖𝑛𝑒𝑑 (𝑖𝑛𝑝𝑢𝑡),
𝑝𝑔𝑟𝑜𝑢𝑛𝑑𝑖𝑛𝑔 = {𝑡 ′𝑠𝑡𝑎𝑟𝑡 , 𝑡 ′𝑒𝑛𝑑 , 𝑎𝑛𝑠𝑤𝑒𝑟 },

(8)

where the output policy 𝑝𝑔𝑟𝑜𝑢𝑛𝑑𝑖𝑛𝑔 contains the new start times-
tamps and end timestamps that the video LLM predicts are relevant
to the original video question and different from the last time of
coarse-grained grounding.

For a single video question in our complete ReCrossVLLM frame-
work, the fine-grained reflection module would replace the fine-
grained answering module, and the coarse-grained re-grounding
module could be considered as a coarse-grained grounding module
with at least one feedback prior. Therefore, two cross-granularity
modules could be called multiple times, until the video LLM with
the fine-grained module responds with positive feedback on the
short video segment, or the video LLM with the coarse-grained
module only responds with direct output policy without tempo-
ral grounding result. If the calls of two modules exceed a certain
threshold limit, the calls will also terminate and select the answer
response from the last round of video LLM as output.

4 Module Training
In this section, we will introduce how we optimize the modules
of video LLM with different granularities. Our training method
includes the fine-tuning of the coarse-grained module, the fine-
tuning of the fine-grained module, and most importantly, the cross-
granularity preference optimization for modules with different
granularities through the coarse-to-fine strategy.

4.1 Coarse-grained and Fine-grained
Fine-tuning

Formally, given a question 𝑞 through tokenization and related video
𝑣 through visual processing for video LLM, the supervised fine-
tuning loss can be defined as the cross-entropy loss as follows:

𝐿𝐶𝐸 (𝑦 (𝑞, 𝑣), 𝑦) = −
∑︁

(𝑣,𝑞,𝑦) ∈𝐷
𝑦 log(𝑦 (𝑞, 𝑣)), (9)

where 𝑦 is the ground truth answer in the token sequence and 𝐷 is
the dataset.

Coarse-grainedModule Training. To effectively localize short
segments from the original video that are relevant to the ques-
tion, we collect 175k training datasets of temporal video grounding
datasets including Charades-STA [12], ActivityNet-Captions [17],
and VTG-IT [14] to finetune the coarse-grained module, which
will receive the global visual representations transformed from the
complete video content and predict the most relevant short video
segments to the question input.

Fine-grained Module Training. The fine-grained module is
designed for video LLM to analyze the localized short video content
related to the input query, which is relatively shorter, and its visual

information is more worthy of in-depth extraction and understand-
ing. Therefore, we select the training subset of 21.5k video data with
a duration of less than one minute from several VideoQA datasets,
including ActivityNet-QA [46], Ego-QA [13], and Next-QA [44], to
fine-tune another fine-grained module to complete the fine-grained
understanding and reasoning tasks for short videos.

4.2 Cross-granularity Preference Optimization
Since the task of providing temporal localization policies for video-
related questions still has some differences from the retrieval input
textual query, which the coarse-grained video LLM is trained with,
it is difficult to use in-context learning alone to ensure the qual-
ity of policies. To address this issue, we propose a reinforcement
learning-based cross-granularity training method to optimize cross-
granularity modules of video LLM continuously for processing
long videos, which enables the video LLM to improve the temporal
grounding quality of generated policies, and adapt to the key video
segment for fine-grained understanding.

Training Strategy. Given a question 𝑞 about the input long
video 𝑣 , we prompt the coarse-grained video LLM to generate
several different temporal localization policies {𝑝 𝑗 } of question-
relevant short video segments from the original long video. These
policieswould inform the fine-grainedmodule to process the grounded
short videos in more detailed visual representations and give the
final answers. It could be inferred that a correct policy that more
accurately localizes the temporal video segments related to the
video question would be more helpful for the fine-grained video
LLM. Consequently, the loss computed by the video LLM tends
to be smaller. Meanwhile, negative policies that localize irrelevant
video segments would mislead the video LLM, resulting in incorrect
responses and an increase in loss.

Therefore, we are able to provide feedback to the coarse-grained
video LLM with the losses computed by the fine-grained video
LLM for cross-granularity training. Inspired by the Reinforcement
Learning from Human Feedback (RLHF) [3, 8], we apply Direct
Preference Optimization (DPO) [28] to train the coarse-grained
video LLM to generate more accurate policies. The DPO method
directly optimizes the Video Large LanguageModel without explicit
rewarding models and formulates the policy objective as:

𝐿𝐷𝑃𝑂 (𝜋𝜃 ;𝜋𝑟𝑒𝑓 )

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

− 𝛽 log
𝜋𝜃 (𝑝𝑙 |𝑞)
𝜋𝑟𝑒𝑓 (𝑝𝑙 |𝑞)

) ],

(10)

where 𝑝𝑤 represents the positive policy with the smaller loss that
accurately localizes the short video segment related to the video
question, and 𝑝𝑙 denotes the negative policy with the larger loss. 𝜋𝜃
represents our coarse-grained video LLM to be trained in this stage,
while 𝜋𝑟𝑒 𝑓 is a reference model also initialized with coarse-grained
video LLM but remains frozen. 𝜎 is the sigmoid function and 𝛽 is a
controlling parameter.

The details about our reinforcement learning strategy are pro-
vided in Algorithm 1. Our cross-granularity preference optimization
alternates between direct preference optimization for the coarse-
grained video LLM and SFT for the fine-grained video LLM, which
optimizes with the loss function in Equation 9 and 10. After the
cross-granularity training, the coarse-grained video LLM is able to
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Algorithm 1: Cross-granularity Training Strategy
Input: Coarse-grained module (coarse-grained video LLM)𝐶 ,

Temporal-Grounding module𝐺 , Coarse-grained prompt 𝑃𝑐 ,
Fine-grained module (fine-grained video LLM) 𝐹 , dataset
𝐷 = { (𝑣𝑖 , 𝑞𝑖 , 𝑦𝑖 ) }𝑁𝑖=1, training steps 𝑆 , gradient accumulate
step 𝑠 , numbers of policies per data 𝑛

Output: Trained modules𝐶 and 𝐹

1 Freeze: 𝐹,𝐺 , Activate:𝐶 ;
2 for 𝑡 = 1 to 𝑆 do
3 initialize 𝜋𝜃 =𝐶, 𝜋𝑟𝑒𝑓 =𝐶 ;
4 for𝑚 = 1 to 𝑠 do
5 𝑖 ← ((𝑡 − 1)𝑠 +𝑚 − 1)%𝑁 + 1;
6 Prepare data (𝑣𝑖 , 𝑞𝑖 , 𝑦𝑖 ) from 𝐷 ;
7 Generate policies 𝑝1, 𝑝2, ...𝑝𝑛 = 𝜋𝑟𝑒𝑓 (𝑃𝑐 (𝑞𝑖 , 𝑣𝑖 ) ) ;
8 for 𝑗 = 1 to 𝑛 do
9 𝐺 execution localization: 𝑣𝑗 =𝐺 (𝑣𝑖 , 𝑝 𝑗 ) ;

10 𝐹 forward propagation: 𝑦 = 𝐹 (𝑞𝑖 , 𝑣𝑗 ) ;
11 Compute 𝐿𝐶𝐸𝑗 in Equation (9);
12 end
13 𝑝𝑤 ← argmin{𝑝 𝑗 } 𝐿𝐶𝐸 ;
14 𝑝𝑙 ← {𝑝 𝑗 , 𝑝 ≠ 𝑝𝑤 };
15 Optimize 𝜋𝜃 with loss: 𝐿𝐷𝑃𝑂 in Equation (10);
16 Add (𝑣𝑖 , 𝑞𝑖 , 𝑦𝑖 ) to𝐶𝐴𝐶𝐻𝐸;
17 end
18 𝐶 ← 𝜋𝜃 , freeze𝐶 , activate 𝐹 ;
19 for 𝑖 = 1 to 𝑠 do
20 Prepare data (𝑣𝑖 , 𝑞𝑖 , 𝑦𝑖 ) from𝐶𝐴𝐶𝐻𝐸;
21 Generate policies single policy 𝑝 =𝑄 (𝑃𝑐 (𝑞𝑖 , 𝑣𝑖 ) ) ;
22 𝐺 execution localization: 𝑣𝑝 =𝐺 (𝑣𝑖 , 𝑝 ) ;
23 𝐹 forward propagation: 𝑦 = 𝐹 (𝑞𝑖 , 𝑣𝑝 ) ;
24 Optimize 𝐹 with loss: 𝐿𝐶𝐸 in Equation (9);
25 end
26 clear𝐶𝐴𝐶𝐻𝐸, freeze 𝐹 , activate𝐶 ;
27 end

provide refined policies with more accurate localization segments,
and the fine-grained video LLM would also adapt the localization of
short videos from the coarse-grained video LLM. For the reinforce-
ment learning, we select a 7.5k training dataset from the NeXT-QA
and ActiveNet-QA datasets with video data exceeding 2 minutes.

5 Experiments
Implementations. We implement our fine-tuning and preference
optimization method based on the SWIFT framework. We utilize
LLaVA-Next-Video(7B) [50] and LLaVA-Video(7B) [51] as different
backbone settings. For LLaVA-Next-Video(7B), we set the number of
sampled frames 𝑁 and number of tokens per frame 𝐿 to (16, 12×12 =
144) for fine-grained video LLM and (144, 4 × 4 = 16) for coarse-
grained video LLM during training, and extended to (32, 12 × 12 =
144) and (288, 4 × 4 = 16) during inference enabled by linear scale
factor. For LLaVA-Video(7B), we set (32, 13 × 13 = 169) for the
fine-grained video LLM and (256, 4 × 4 = 16) for coarse-grained
video LLM through training and inference. Before the fine-tuning of
different granularity modules and reinforcement learning, we first
train the visual adapter 𝑓 through image-text feature alignment.

The overall module training is conducted under 8 NVIDIA A100-
40GB GPUs.

Evaluation. We conduct our experiments on long video un-
derstanding and temporal video grounding datasets. We select
VideoMME, Lvbench, andMLVU for assessing the long video under-
standing ability [10, 37, 52]. For the temporal video grounding task,
we utilize the validation set of ActivityNet Captions(val_2) and the
test set of Charades-STA. Our baselines include long-video video
LLMs and fine-grained video LLMs for long video understanding,
and baselines for temporal video grounding include state-of-the-art
temporal perception video LLMs.

Baselines. On long video understanding tasks, our baselines in-
clude long-video video LLMs LongVA, LongVU, Video-RAG, video-
XL, video-XL2 [24, 26, 31, 32, 49] and fine-grained video LLMs such
as Video-LLaVA, VideoChat2, Chat-UniVi-V1.5, ShareGPT4Video,
LLaVA-NeXT-Video, LLaVA-Video and Qwen2.5-VL [2, 6, 16, 19, 21,
50, 51]. Our baselines for temporal video grounding include tempo-
ral perception video LLMs such as VTimeLLM [15], TimeChat [29],
Monmentor [25], VTG-LLM [14], NumPro [43], ChatVTG [27], and
the LLM-based temporal grounding method BTDP [9].

5.1 Experiments on Long Video Understanding
Based on the long video understanding benchmarks, we evaluate
the capabilities of existing video LLMs in long video understand-
ing tasks. As the results shown in Table 1, we draw the following
conclusions. First, our ReCrossVLLM consistently achieves the best
overall performance across all benchmarks: with the LLaVA-Video-
7B backbone, it attains 71.9% on VideoMME (Overall), surpass-
ing Qwen2.5-VL (71.6%) and LLaVA-Video (69.7%), and also sets
new state-of-the-art results on Lvbench (48.9%) and MLVU (76.1%).
Notably, even using the smaller LLaVA-NeXT-Video-7B backbone
(65.7%), our method outperforms the larger LLaVA-NeXT-Video-34B
(54.9%), demonstrating the effectiveness of our cross-granularity
design.

Second, on VideoMME, as video duration increases from short
to long, all methods exhibit performance drops, yet ReCrossVLLM
shows the smallest relative decline (79.8%→ 64.7%) compared to
Qwen2.5-VL (81.4%→ 62.6%) and LLaVA-Video (78.0%→ 61.8%),
thanks to our coarse-to-fine grounding and fine-to-coarse reflec-
tion strategies. Third, beyond VideoMME, ReCrossVLLM excels on
Lvbench (extreme long videos) and MLVU, outperforming strong
baselines such as Video-XL2 and LongVU, confirming its generaliza-
tion and robustness across diverse video lengths and task formats.

5.2 Experiments on Temporal Video Grounding
We evaluate the capabilities of existing video LLMs in temporal
video grounding tasks, with results shown in Table 2. Given a video
and a textual query, the models must predict the start and end
timestamps of the corresponding segment. In our cross-granularity
inference, the coarse-to-fine strategy first localizes a short candidate
segment. The fine-grained video LLM then receives a description
that this short video is sampled from a specific time interval of the
original video, enabling it to refine the localization under more de-
tailed visual representations. As seen in the table, our ReCrossVLLM
consistently outperforms all prior video LLMs trained for temporal
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Table 1: Performance comparison of state-of-the-art video LLMs with our ReCrossVLLM methods on long video understanding
benchmarks. The best average performance is in bold and the second is underlined.

Models Size VideoMME Lvbench MLVU
Short Medium Long Overall

Duration(min) ≤2 4∼15 30∼60 1∼60 30∼140 3∼120
Video-LLaVA [21] 7B 46.1 40.7 38.1 41.6 21.6 47.3
Chat-UniVi [16] 7B 51.2 44.6 41.8 45.9 25.3 52.6
ShareGPT4Video [6] 8B 53.6 39.3 37.9 43.6 21.8 46.4
VideoChat2 [19] 7B 52.8 39.4 39.2 43.8 23.7 47.9
LongVA [49] 7B 61.6 53.6 47.6 54.3 31.7 56.3
Video-RAG with LLaVA-NeXT [24] 7B 56.6 47.4 46.0 50.0 30.2 53.5
LongVU [31] 7B 64.7 58.2 59.5 60.9 38.3 65.4
Video-XL [32] 7B 67.4 60.7 54.9 61.0 37.7 64.9
Video-XL2 [26] 8B 73.7 65.9 60.2 66.6 48.4 74.8
VITA 1.5 [11] 7B 67.0 54.2 47.1 56.1 32.1 60.2
LLaVA-NeXT-Video [50] 34B 65.1 52.2 47.2 54.9 32.2 61.6
LLaVA-Video [51] 7B 78.0 69.3 61.8 69.7 43.2 70.8
Qwen2.5-VL [2] 7B 81.4 70.8 62.6 71.6 45.3 75.5

Ours-CrossVLLM w/ LLaVA-Next-Video 7B 70.9 64.4 61.9 65.7 41.8 70.4
Ours-CrossVLLM w/ LLaVA-Video 7B 79.8 71.2 64.7 71.9 48.9 76.1

Table 2: Performance comparison of state-of-the-art temporal perception video LLMs with our ReCrossVLLM methods on
temporal video grounding tasks. The best average performance is in bold and the second is underlined.

Models ActivityNet Captions Charades-STA

R@0.3 R@0.5 R@0.7 mIoU R@0.3 R@0.5 R@0.7 mIoU

ChatVTG [27] 40.7 22.5 9.4 27.2 52.6 33.0 15.9 34.9
VtimeLLM [15] 44.0 27.8 14.3 30.4 51.0 27.5 11.4 31.2
TimeChat [29] - - - - - 32.2 13.4 -
Momentor [25] 42.9 23.0 12.4 29.3 42.6 26.6 11.6 28.5
VTG-LLM [14] - - - - 52.0 33.8 15.7 -
NumPro [43] 45.5 30.8 18.4 33.6 60.7 36.8 15.9 38.5
BTDP [9] 50.6 30.6 17.5 36.6 58.3 40.0 20.9 39.1

Ours-ReCrossVLLM w/ LLaVA-Next-Video 53.9 41.7 23.1 39.8 63.5 44.9 21.0 42.6

perception on both ActivityNet Captions and Charades-STA across
all recall thresholds and mean IoU.

Specifically, on ActivityNet Captions, ReCrossVLLM achieves
53.9% (R@0.3), 41.7% (R@0.5), and 23.1% (R@0.7), substantially ex-
ceeding the previous best method BTDP. On Charades-STA, our
method attains 63.5% (R@0.3), 44.9% (R@0.5), and 21.0% (R@0.7),
demonstrating strong boundary localization capability. The fine-to-
coarse reflection effectively mitigates error propagation from initial
coarse localization, while fine-grained tokens preserve critical de-
tails for accurate boundary detection. These results confirm that
our cross-granularity design generalizes robustly from long video
understanding to temporal grounding. Notably, the consistent gains
across both datasets also demonstrate the generalization abilities
of our approach for fine-grained temporal reasoning tasks.

5.3 Ablation Study
In this section, we provide detailed ablation analyses of our cross-
granularity strategies through experiments on our models to eval-
uate the effectiveness of our designed modules. The results are
shown in Table 3.

5.3.1 Result about Fine-tuning. Based on the results of Row 1,3,4
and 5 from Table 3, we can see the positive impact through both
coarse-grained and fine-grained fine-tuning on video LLMs. The
utilization of coarse-grained fine-tuning comprehensively improves
the video LLMs in processing both temporal video grounding and
long video understanding tasks. The fine-grained fine-tuning helps
mainly in short video understanding and temporal video grounding.
In addition, although only applying basic model fine-tuning does
not significantly improve overall performance compared to apply-
ing our entire cross-granularity framework, they still occupy an
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Table 3: Ablation study of our reflective cross-granularity strategies with LLaVA-Next-Video. The coarse-to-fine grounding
strategy is activated through the entire experiment. The Tune in the line of Coarse and Fine respectively represent coarse-
grained training and fine-grained training for video LLMs while Freeze represents image-text feature alignment only. RL
represents the utilization of cross-granularity preference optimization. The best average performance is in bold.

Row Coarse Fine RL Fine-to-Coarse
Reflection

ActivityNet Captions VideoMME

R@0.3 R@0.5 R@0.7 mIoU Short Medium Long Overall

1 Freeze Freeze ✕ ✕ 31.3 16.0 6.8 22.4 55.2 44.0 42.7 47.3
2 Freeze Freeze ✓ ✓ 31.8 16.6 6.9 23.2 56.8 44.6 41.5 47.6
3 Tune Freeze ✕ ✕ 42.3 25.8 11.6 29.4 58.2 45.4 43.7 49.1
4 Freeze Tune ✕ ✕ 38.7 20.4 8.6 25.9 60.3 44.5 42.2 49.0
5 Tune Tune ✕ ✕ 44.7 28.1 14.2 31.2 61.6 47.2 44.9 51.2
6 Tune Tune ✓ ✕ 52.3 38.9 20.4 38.5 71.8 60.3 53.8 62.0
7 Tune Tune ✕ ✓ 47.9 30.5 15.6 32.4 67.7 57.8 51.4 58.9
8 Tune Tune ✓ ✓ 53.9 41.7 23.1 39.8 70.9 64.4 61.9 65.7

What happens when a boy picks up a mirror? The 
duration of the video is 328.1sQuestion:

Video:

Grounding segment: 100s-105s…

Reflection: During 100s-105s, a dog can be seen in front of a 
big mirror but without a boy, try another video segments. 

Grounding segment: 250s-275s…

Direct output: A bird attacks him.

Video LLM Coarse-grained 
module

Grounding module

Video LLM Fine-grained 
module

Video LLM Coarse-grained 
module

Grounding module

Video LLM Fine-grained 
module

Fine-grained perception

… …

Grounding segment: t1s-t2s

Reflection: During … 
Repeat for several times 

What happens when a baby elephant chases a group 
of ducks? The duration of the video is 292.2sQuestion:

Video:

Grounding segment: 180s-189s…

Reflection: During 180s-189s, a baby elephant can be seen 
in the video but without a group of ducks, try video 
segments before or after. 

Grounding segment: 191s-200s…

Direct output: The baby elephant falls to the ground.

Video LLM Coarse-grained 
module

Grounding module

Video LLM Fine-grained 
module

Video LLM Coarse-grained 
module

Grounding module

Video LLM Fine-grained 
module

Fine-grained perception

… …

(a) Example with a single time of reflection. (b) Example with multiple times of reflection.
Figure 3: Example with fine-to-coarse reflection. For the
shown long video understanding task on VideoMME, our
reflection strategy helps in re-grounding the correct video
segment after grounding the incorrect segment for the first
time in the coarse-to-fine strategy.

important position in our method, as shown in Row 1 and 2, we can
see that directly using not fine-tuned video LLMs for fine-to-coarse
reflection and reinforcement learning through cross-granularity
preference optimization would not bring performance improve-
ment, encountering a certain degree of cold start problem.

5.3.2 Result about Cross-granularity Preference optimization. In
Row 5, 7 vs Row 6, 8 from Table 3, we removed the cross-granularity
preference optimization strategy and conducted evaluations on
benchmarks. The results show a decrease in all the evaluation
metrics. Compared to the results of other models shown in Table 1
and 2, our experiment without the preference optimization method

only performs at an average level among baselines, indicating the
necessity of the cross-granularity preference optimization strategy
we proposed for training video LLMs to further improve grounding
efficiency.

5.3.3 Result about Fine-to-Coarse Reflection. During the infer-
ence stage, our fine-to-coarse reflection strategy prompts the fine-
grained video LLM to reflect on the locating effectiveness and decide
whether to return the response to the coarse-grained video LLM for
re-grounding with reflection feedback. As shown in Row 7, 8 vs Row
5, 6, with the addition of fine-to-coarse reflection, the performance
of our method has further improved, indicating our fine-to-coarse
reflection provided by fine-grained video LLM contains useful in-
formation for coarse-grained video LLM to regenerate a suitable
grounding policy. Analyses of a detailed example shown in Figure 3
also support the positive effects of our fine-to-coarse reflection strat-
egy. In the example, the grounding condition is ‘a baby elephant
chases a group of ducks’ and the video includes several segments
distributed in different times but all contain ‘elephant’, which inter-
feres with the Video LLM to localize the correct video segment at
the first time, while our designed fine-to-coarse reflection helps to
re-localize the correct key segment.

6 Conclusion
In this paper, we propose ReCrossVLLM, a novel reflective cross-
granularity video LLM framework for long video understanding.
Specifically, we design the coarse-to-fine grounding and fine-to-
coarse reflection strategies utilizing adaptive modules of video
LLM with different granularities to collaborate with each other for
cross-granularity long video inference. We further propose a cross-
granularity preference optimization strategy to optimize video LLM
through training and inference when processing long videos. Ex-
tensive experiments demonstrate that ReCrossVLLM outperforms
existing video LLMs in long video question answering and tempo-
ral video grounding tasks, indicating its superiority for processing
both high-level semantics and low-level visual details in long video
understanding.
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