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Abstract

Video question answering plays a vital role in computer vi-
sion, and recent advances in large language models have fur-
ther propelled the development of this field. However, ex-
isting video question answering techniques often face limi-
tations in grasping fine-grained video content in spatial di-
mensions. It mainly stems from the fixed and low-resolution
input of video frames. While some approaches using high-
resolution inputs partially alleviate this problem, they in-
troduce excessive computational burdens by encoding the
entire high-resolution image. In this work, we propose a
granularity-adaptive spatial evidence tokenization model for
video question answering. Our method introduces multi-
granular visual tokenization in the spatial dimension to pro-
duce video tokens at various granularities based on the ques-
tion. It highlights spatially activated patches at low resolu-
tions through a granularity weighting module and then adap-
tively encodes these activated patches at high resolution for
detail supplementation. To mitigate the computational over-
head associated with high-resolution frame encoding, a mask-
ing and acceleration module is developed for efficient visual
tokenization. Moreover, a granularity compression module is
designed to dynamically select and compress visual tokens of
varying granularities based on questions. We conduct exten-
sive experiments on 11 mainstream video question answering
datasets and the experimental results demonstrate the effec-
tiveness of our proposed method.

Introduction
The past few years have witnessed the rapid development of
video understanding technologies, which are widely applied
in various computer vision tasks, including video question
answering (Xiao et al. 2024; Yu et al. 2024), video summa-
rization (Zhu et al. 2020; Jiang and Mu 2022), video spatial
and temporal grounding (Wasim et al. 2024; Jiang, Yizhang,
and Mu 2024), etc. The advent of pretraining paradigm has
promoted the development of multimodal large language
models (LLMs), enhancing video understanding capabilities
and achieving remarkable progress in generating accurate
responses.

Existing works on LLMs-based video question answering
can be roughly divided into two categories: the improvement
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of visual tokenization strategies (Li et al. 2024b; Cheng et al.
2024a; Fei et al. 2024) and the enhancement of alignments
between visual tokens and the LLM semantic space (Liu
et al. 2024b; Lin et al. 2023; Wang et al. 2023b). However, a
limitation of these approaches is that most models learn vi-
sual features at a fixed, lower resolution (such as 224×224).
This often results in the loss of fine-grained information
when dealing with local details in the video, thereby reduc-
ing the model’s prediction accuracy.

As shown in Figure 1, with a question like “Does the ath-
lete in the video have long hair?”, the target area of “athlete’s
hair” only spatially occupies a small portion of the frame.
Lower resolution video frames lack the fine-grained encod-
ing necessary for capturing detailed image content, and fixed
resolution fails to highlight specific target areas, allowing
irrelevant visual features to dominate the encoded tokens.
While some image LLMs (Li et al. 2024c; Liu et al. 2024a)
have advanced in capturing high-resolution visual details by
dividing high-resolution images into several sub-patches and
encoding them separately, these approaches suffer from two
major drawbacks. Firstly, their methods require encoding the
entire high-resolution image. Since the number of patches
increases quadratically with the resolution, these approaches
inevitably result in excessive computational overhead, par-
ticularly when applied to videos. Secondly, the separate en-
coding of sub-patches prevents the model from accessing
the global semantic context of the image, which impairs the
learning of comprehensive high-resolution features.

To address these challenges, in this work, we propose
a granularity-adaptive spatial evidence tokenization frame-
work for video question answering. Specifically, our method
introduces multi-granular visual tokenization to produce
video tokens at various granularities based on the question.
It highlights spatially activated patches at low resolutions
through a granularity weighting module and then adaptively
encodes these activated patches at high resolution for detail
supplementation. To mitigate the computational overhead
associated with high-resolution frame encoding, a mask-
ing and acceleration module is developed for efficient vi-
sual tokenization. Compared to existing high-resolution im-
age LLMs (Li et al. 2024c), our method offers the advan-
tage of not requiring the encoding of the entire frame con-
tent. Instead, it effectively grounds compact spatial evidence
necessary to answer questions from high-resolution frames.

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

3976



Question
Question

Visual Encoding

LLaMA-VID (Li, Wang, and Jia 2024) Monkey (Li et al. 2024b)

Fixed-Granularity Visual Tokens

High-Resolution Patch Slicing

Sub-Patch Visual Encoding

Local / Global Patch Combination

Our Proposed Method

Granularity Weighting Module

Multi-Granularity Tokenization

Masking and Sparse 

Accel. Strategy

Granularity Compression Module

Multi-Granul. Tokens

Large Language ModelsLarge Language Models
Large Language Models

Adaptive Partition and Slicing

Cross-Modal Interaction Module

Question

Figure 1: Illustration of the motivation of this paper. Our proposed granularity-adaptive tokenization approach mitigates the
loss of local details inherent in previous methods that rely on fixed low-resolution encoding.

In addition, a granularity compression module is designed
to dynamically select visual tokens of varying granularities
based on the specific question. Extensive experiments on 11
mainstream video question answering datasets verify the ef-
fectiveness of the proposed method. We release the code of
this work to facilitate future work1.

Related Work
Multimodal Large Language Models. The outstanding
performance of LLMs has sparked interest among re-
searchers in applying them to the multimodal field. Some
pioneering approaches propose aligning powerful visual-
only and language-only models and achieve superior re-
sults (Alayrac et al. 2022; Wang et al. 2023a). With the
growing interest in video tasks, researchers have been ex-
ploring the extension of LLMs to various video tasks (Li
et al. 2024a; Liu et al. 2024b; Cheng et al. 2024a). Many
efforts are dedicated to designing effective visual tokeniza-
tion approaches and aligning video features with LLMs
to enhance visual comprehension. For instance, Video-
LLaMA (Cheng et al. 2024a) introduced a Video Q-Former
to capture temporal changes in visual scenes. However, most
existing models encode frames at a fixed, low resolution,
limiting their ability to comprehend fine-grained visual con-
tent. In contrast, our method proposes to incorporate detailed
video content through multi-granular visual tokenizations.

Multi-Granularity Encoding in LLMs. Recent research
on LLM-based image understanding has explored to im-
prove the detailed comprehension by using high-resolution
images (Li et al. 2024c; Liu et al. 2024a). A common ap-
proach involves slicing the high-resolution image into multi-
ple sub-patches, encoding these sub-patches separately, and
then inputting them into the LLM for answer prediction.

1https://code-website.wixsite.com/videoqa.

For example, Monkey (Li et al. 2024c) processed input im-
ages by dividing them into uniform patches, and LLaVA-
UHD (Xu et al. 2024) designed an image modularization
strategy that divides native-resolution images into smaller,
variable-sized slices for image encoding. However, the ex-
isting methods typically require encoding the entire high-
resolution image, leading to a substantial computational
workload when applied to the video field. In contrast, our
approach effectively alleviates the computational burden of
encoding high-resolution frames by employing the proposed
masking and acceleration strategies.

Method
Overview
Figure 2 presents an overview of our proposed model, which
consists of three key modules: a granularity weighting mod-
ule, a multi-granularity tokenization module, and a granu-
larity compression module. The granularity weighting mod-
ule produces spatial activated maps at low resolution based
on the input questions. The multi-granularity tokenization
module employs the activated patches as queries to query
corresponding detailed regions in high-resolution frames.
Masking and acceleration techniques are applied to produce
fine-grained visual tokens from the high-resolution frames.
Finally, the granularity compression module condenses the
multi-granularity tokens through question-guided granular-
ity selection.

Granularity Weighting Module
The primary function of the granularity weighting mod-
ule is to identify spatial activated patches at low resolution
guided by the text question. Previous high-resolution image
LLMs (Li et al. 2024c; Xu et al. 2024) typically involve en-
coding entire high-resolution images, thereby enhancing the
model’s ability to achieve fine-grained understanding. These
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Figure 2: Schematic diagram of the proposed granularity-adaptive spatial evidence tokenization model.

methods, however, lead to the encoding of substantial redun-
dant information that is irrelevant to the specific question,
thus wasting computational resources. To address this inef-
ficiency, we propose a granularity weighting module: ini-
tially calculating the spatial activated patches necessary for
answering the question using the low-resolution frame and
then mapping these patches to the high-resolution frame.

Formally, given a video V = {v1, v2, ..., vr} and a ques-
tion T = {t1, t2, ..., ts}, where r and s represent the num-
ber of frames and words respectively, we aim to calcu-
late spatial activated maps M = {m1,m2, ...,mr} for
each frame. We denote the patches of each frame vr as
pr = {p1r, p2r, . . . , pur }, where u denotes the number of
patches in each frame. These patches pr are then input into
a pre-trained, frozen visual encoder E to extract features
of each frame vr, resulting in frame visual features Pr =
{p1

r,p
2
r, . . . ,p

u
r }. To realize the fusions between visual and

textual modalities, following (Li et al. 2024b), an interaction
layer is utilized to calculate the fused feature Fr between
frame patches and text question. Afterwards, vector produc-
tions are used to obtain the spatial activation of each patch in
vr relative to the question T : d(r, T ) = (Mvis ·Fr) · (Mtxt ·
Pr)

⊤ , where Mvis and Mtxt represent learnable matrices.
To produce activated patches in each frame, we select the
top ξ% patches based on d(r, T ), and denote these patches
as p+r . The spatial activated patches p+ = {p+1 , p

+
2 , . . . , p

+
r }

will be input into the multi-granularity tokenization module
to perform high-resolution patch queries.

Multi-Granularity Tokenization Module
The primary function of multi-granularity tokenization mod-
ule is to query the spatial area in high-resolution frames
based on the activated map calculated at low resolution. It

receives p+r ∈ p+ produced by the granularity weighting
module as input and outputs the visual encoding h+

r derived
from the high-resolution video frame.

Many previous approaches (Li et al. 2024b; Lin et al.
2023) rely on fixed, relatively low resolutions for frame en-
coding, which restricts the model’s ability to answer ques-
tions that pertain to detailed areas of the video. Some ad-
vanced high-resolution image LLMs (Li et al. 2024c) di-
vide the entire image into sub-patches and encode them sep-
arately, leading to a substantial increase in computational
overhead inevitably. To address these issues, we propose a
multi-granularity tokenization module. It includes indexing
and querying detailed patches based on the spatial activated
map, as well as a masking and acceleration strategy for en-
coding high-resolution frames efficiently. Formally, given
p+r produced by the granularity weighting module, we de-
note the index of spatial activated patches in p+r as set Hr,
i.e., Hr = {u | pur ∈ p+r , 1 ≤ u ≤ u}, 1 ≤ r ≤ r. Our
goal is to query the patch at high resolution wh × wh corre-
sponding to the activated p+r at low resolution wl × wl. The
elements in set Hr are queried in the following formula:

H(h)
r = {u(h) | u(h) = ϱ(u) ·Θw + ζ(u) ·Θh, u ∈ Hr},

ϱ(u) =

⌊
u

wl/s

⌋
, Θw =

(wh)
2

wl · s
,

ζ(u) = u mod
wl

s
, Θh =

wh

wl
,

(1)
where H(h)

r denotes the spatially activated patches at wh ×
wh. ϱ(u) and ζ(u) represent patch shifts guided by u ∈ Hr.
Θw and Θh signify shift strides. s indicates the patch size.

In this manner, by using the spatial activated patches in
wl × wl as the query, we accomplish the indexing of corre-
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sponding patches in wh×wh. This approach explicitly high-
lights significant visual information relevant to text ques-
tions, thereby enriching the model’s visual encoding with
fine-grained details.

Masking and Acceleration Strategy. Given H(h)
r calcu-

lated in Equation 1, the next step is to compute the visual
features of the queried patches p

(h)
r = {pu(h)

r | u(h) ∈
H(h)

r }. A straightforward approach involves using the visual
encoder E to first compute the features of the entire video
frame at resolution wh × wh, and then using H(h)

r to index
the feature map to extract desired patch features:

P(h)
r = {pu(h)

r | u(h) ∈ H(h)
r },pu(h)

r ∈ v(h)
r ,

v(h)
r = E

(
v(h)r

)
,

(2)

where v(h)r denotes all visual patches in frame r at wh×wh.
v
(h)
r represents all extracted patch features of frame r.
In Equation 2, all patches v(h)r of r are input into the visual

encoder E, and then the encoded frame features v(h)
r are in-

dexed according to the elements in H(h)
r . The advantage lies

in incorporating the visual information of all patches dur-
ing frame encoding, leading to more comprehensive visual
features. However, a significant drawback is that many un-
activated visual patches {pu(h)

r |u(h) /∈ H(h)
r } also partici-

pate in the forward propagation process, resulting in sub-
stantial computational overhead particularly as the number
of frames increases.

To address this issue, we design a masking and accel-
eration strategy. Considering that the patches activated by
the granularity weighting module occupy only a small por-
tion of the entire video frame, and inspired by recent tech-
niques from foundation model pretraining in computer vi-
sion tasks (Li et al. 2023c), we mask the spatial patches p−r
during visual encoding:

p−r = {pur | du(r, T ) < ξ,du(r, T ) ∈ d(r, T )}. (3)

Consequently, the corresponding query patches {pu(h)

r |
u(h) /∈ H(h)

r } at wh × wh are also masked. We then fo-
cus only on the visual information of the activated patches
at high-resolution:

P(h)
r = Psort

(
{pu(h)

r | u(h) ∈ H(h)
r }

)
,pu(h)

r ∈ p(h)
r ,

p(h)
r = E

(
p(h)r

)
,

(4)

where Psort refers to sorting the patch features in p
(h)
r ac-

cording to their original order in v
(h)
r within the frame.

This operation preserves the spatial arrangement within each
frame, preventing any semantic alterations that could result
from a disordered patch sequence. Additionally, during the
visual encoding of p(h)

r , we employ relative position embed-
ding (Li et al. 2023c) in frames. The relative position of each
patch is determined based on its position prior to masking:

R
(
pu

(h)

r

)
= R

(
vu

(h)

r

)
, ∀u(h) ∈ H(h)

r , (5)

where R denotes the position encoding matrix.

Unlike previous works that encode entire high-resolution
images for image understanding (Li et al. 2024c), our strat-
egy sheds light on the proposed multi-granularity visual to-
kenization idea and offers several advantages. It eliminates
the need to encode the entire high-resolution frame and en-
sures only the desired visual information is activated. This
approach reduces computational overhead while maintain-
ing essential visual details for predictions.

Granularity Compression Module
Given the multi-granularity visual representations Pr and
P

(h)
r of frame r, our next step is to input them into the

LLM for model prediction. However, before doing so, we
note that the granularity of visual tokens used for predic-
tion should depend on the nature of the text question. Some
questions focus on the coarse-grained global semantic of the
video, while others require fine-grained details of specific vi-
sual patches. For example, a question like “How many times
does the girl appear in the video?” necessitates only coarse-
grained visual cues, making detailed spatial patch activa-
tion unnecessary. Conversely, a question like “What is the
girl holding in her hand?” requires locating specific details
within the frame, thus benefiting from fine-grained signals to
predict the answer. Based on the considerations, we propose
a granularity compression module to perform visual token
selection and compression across various granular tokens.

Formally, we employ the coarse-grained frame token Pr,
the fine-grained frame token P

(h)
r , and the spatially acti-

vated tokens P+
r to construct the candidate set Qr for vi-

sual compression: Qr =
[
Pr||P(h)

r ||P+
r

]
, where || repre-

sents the concatenation operation, and P+
r signifies the spa-

tial patches activated by p+r : P+
r = {pu

r | pur ∈ p+r ,p
u
r ∈

Pr}. We leverage the fused feature Fr between the text and
frames as the query, and calculate the compression factors
for multi-granular tokens using a simple vector product op-
eration: Fr←Qr

= γ(Pooling(Qr) · Fr), where γ refers to
the Softmax function, which is used to normalize the factors
for each granularity. Next, we use Fr←Qr to select tokens of
each granularity and apply max pooling operations to obtain
the spatially compressed visual tokens:

Vr
spatial = max

Qr

(
Fr←Qr

· Pooling(Qr)
)
. (6)

We adopt the maximum operation here to retain the most
salient visual information for each granularity based on
Fr←Qr

. Finally, the concatenation of Qr and Vr
spatial are

fed into the LLM for model prediction.
During training, next token prediction is employed to op-

timize the model and calculate loss (Chiang et al. 2023).

Experiments
Datasets and Evaluation Protocols
We evaluate the model performance on 11 mainstream video
question answering datasets, including 4 open-ended ques-
tion answering benchmarks (Xu et al. 2017; Yu et al. 2019;
Li et al. 2016), a text generation benchmark (Maaz et al.
2024), 5 multiple-choice benchmarks (Xiao et al. 2021; Wu
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Method LLM Size MSVD-QA MSRVTT-QA ActivityNet-QA TGIF-QA

Accuracy Score Accuracy Score Accuracy Score Accuracy Score

Video-LLaMA (Cheng et al. 2024a) 7B 51.6 2.5 29.6 1.8 12.4 1.1 - -
LLaMA-Adapter (Zhang et al. 2024) 7B 54.9 3.1 43.8 2.7 34.2 2.7 - -
Video-ChatGPT (Maaz et al. 2024) 7B 64.9 3.3 49.3 2.8 35.2 2.7 51.4 3.0
Video-LLaVA (Lin et al. 2023) 7B 70.7 3.9 59.2 3.5 45.3 3.3 70.0 4.0
LLaMA-VID (Li et al. 2024b) 13B 70.0 3.7 58.9 3.3 47.5 3.3 - -
Chat-UniVi (Jin et al. 2024a) 7B 65.0 3.6 54.6 3.1 45.8 3.2 60.3 3.4
BT-Adapter (Liu et al. 2024b) 7B 67.5 3.7 57.0 3.2 45.7 3.2 - -
VideoChat2 (Li et al. 2024a) 7B 70.0 3.9 54.1 3.3 49.1 3.3 - -
Video-LaVIT (Jin et al. 2024b) 7B 73.2 3.9 59.3 3.3 50.1 3.3 - -
MovieLLM (Song et al. 2024c) 7B 63.2 3.5 52.1 3.1 43.3 3.3 - -
MiniGPT4-V (Ataallah et al. 2024) 7B 72.9 3.8 58.8 3.3 45.9 3.2 67.9 3.7
VideoLLaMA2 (Cheng et al. 2024b) 7B 71.7 3.9 - - 49.9 3.3 - -
VideoLLaMA2 (Cheng et al. 2024b) 8 × 7B 70.5 3.8 - - 50.3 3.4 - -

Ours 7B 73.4 3.9 59.7 3.3 51.4 3.4 74.9 4.1

Table 1: Performance comparisons with baselines on open-ended question answering benchmarks.

Method CI DO CU TU CO Avg.

Video-LLaMA (Cheng et al. 2024a) 1.96 2.18 2.16 1.82 1.79 1.98
LLaMA-Adapter (Zhang et al. 2024) 2.03 2.32 2.30 1.98 2.15 2.16
Video-ChatGPT (Maaz et al. 2024) 2.50 2.57 2.69 2.16 2.20 2.42
VideoChat (Li et al. 2023b) 2.23 2.50 2.53 1.94 2.24 2.29
Chat-UniVi (Jin et al. 2024a) 2.89 2.91 3.46 2.40 2.81 2.89
Video-LLaVA (Lin et al. 2023) 2.87 2.94 3.44 2.45 2.51 2.84
MovieChat (Song et al. 2024a) 2.76 2.93 3.01 2.24 2.42 2.67
BT-Adapter (Liu et al. 2024b) 2.68 2.69 3.27 2.34 2.46 2.69
LLaMA-VID (Li et al. 2024b) 2.96 3.00 3.53 2.46 2.51 2.89
Vista-LLaMA (Ma et al. 2024) 2.44 2.64 3.18 2.26 2.31 2.57
MovieChat+ (Song et al. 2024b) 2.87 2.95 3.10 2.25 2.50 2.73
MovieLLM (Song et al. 2024c) 2.64 2.61 2.92 2.03 2.43 2.53
MiniGPT4-V (Ataallah et al. 2024) 2.93 2.97 3.45 2.47 2.60 2.88

Ours 3.07 3.04 3.62 2.56 2.78 3.01

Table 2: Performance on text generation benchmark.

et al. 2023; Lei et al. 2018; Li et al. 2023a; Mangalam, Ak-
shulakov, and Malik 2023), and a recently proposed com-
prehensive video understanding benchmark (Li et al. 2024a).
GPT-3.5 is employed to assess open-ended question answer-
ing and text generation, with accuracy and score as metrics.
For the multiple-choice benchmarks, accuracy is used as the
evaluation metric.

Implementation Details
We use Vicuna-7B (Chiang et al. 2023) as the LLM, and the
visual encoder is EVA-G (Sun et al. 2023). Pre-trained Q-
Former in InstructBLIP (Dai et al. 2023) is employed for
feature fusion between frames and questions. wl and wh

are 224 and 448 respectively. Two-layer MLPs are used to
project visual tokens into LLM semantic space. During the
pre-training stage, only the projection layer is trained, while
in the instruction tuning phase, LLM, Q-Former, and projec-
tion layer are trained. Following (Li et al. 2024b), a total of
790K pairs are used in pre-training and 763K samples are
utilized for instruction tuning. ξ is set to 0.4.

Model TVQA MVBench IntentQA

Cau. Tem. Avg.

repl./ Monkey 36.1 41.0 59.0 47.4 56.0
Ours 39.8 45.1 64.5 52.6 61.5

Model Text Generation Benchmark

CI DO CU TU CO

repl./ Monkey 2.96 3.00 3.57 2.45 2.61
Ours 3.07 3.04 3.62 2.56 2.78

Table 3: Comparison of our proposed method with high-
resolution image LLM baseline (Li et al. 2024c).

Comparisons on Mainstream Benchmarks
Table 1, 2, 4, 7 present performance comparisons across
open-ended QA, multiple-choice QA, text generation, and
recently proposed video understanding benchmarks. In Ta-
ble 2 and Table 7, we exclude baselines such as VideoChat2
and VideoLLaMA2 since they leverage significantly larger
and more diverse datasets (pretraining: 12.2M samples from
6 datasets v.s. 790K samples from 2 datasets; instruction
tuning: 2M samples from 34 datasets v.s. 763K samples
from 6 datasets). The experimental results indicate that our
model outperforms the baselines, which can be attributed to
the proposed multi-granularity spatial evidence tokenization
method. Our approach emphasises specific detailed areas in
high-resolution frames, thereby integrating fine-grained in-
formation and enhancing model performance. Figure 4 illus-
trates the qualitative experimental results.

In addition, we provide comparisons with high-resolution
LLM baseline, Monkey (Li et al. 2024c), in Table 3. Exper-
imental results verify the effectiveness of our approach.

Ablation Experiments
Table 6 presents the ablation experimental results, where
“w/o W.”, “w/o C.”, and “w/o G.” correspond to the removal
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Method LLM NExT-QA STAR TVQA IntentQA Ego-S.
Cau. Tem. Des. Avg. Int. Seq. Pre. Fea. Avg. Cau. Tem. Avg.

Video-LLaVA (Lin et al. 2023) 7B - - - - - - - - - - - - - 38.4
LLaMA-VID (Li et al. 2024b) 7B 59.3 53.9 70.9 59.4 38.5 41.4 38.3 37.8 39.9 36.2 59.9 50.3 57.4 38.5
Vista-LLaMA (Ma et al. 2024) 7B - - - 60.7 - - - - - - - - - -
Sevilla (Yu et al. 2024) 2.85B 61.3 61.5 75.6 63.6 48.3 45.0 44.4 40.8 44.6 38.2 - - 60.9 -
ViperGPT (Surı́s et al. 2023) GPT-3 - - - 60.0 - - - - - - - - - -
VideoChat2 (Li et al. 2024a) 7B 61.9 57.4 69.9 61.7 - - - - - 40.6 - - - 42.2
Video-LaVIT (Jin et al. 2024b) 7B - - - - - - - - - - - - - 37.3
MiniGPT4-Video (Ataallah et al. 2024) 7B - - - - - - - - - 36.5 - - - -
LLaVA-NeXT-Video (Liu et al. 2024a) 7B - - - - - - - - - - - - - 43.9
VideoLLaMA2 (Cheng et al. 2024b) 7B - - - - - - - - - - - - - 50.0

Ours 7B 62.6 60.9 76.3 64.2 49.0 49.7 45.4 44.7 48.8 39.8 64.5 52.6 61.5 42.8

Table 4: Performance comparison on multiple-choice question answering.

Model NExT-QA STAR TVQA IntentQA

Cau. Tem. Des. Avg. Cau. Tem. Avg.

PR #1 62.6 60.4 75.8 64.0 48.4 39.7 63.5 53.5 60.9
PR #2 59.9 57.9 76.1 61.8 49.5 39.0 62.4 52.6 59.9
PR #3 62.4 60.4 75.9 63.9 48.4 39.5 63.5 53.7 61.0
PR #4 62.2 60.7 76.2 63.9 48.6 39.5 63.3 54.1 60.9
INS #1 61.4 58.8 75.7 62.8 48.8 39.5 62.8 51.8 60.0
INS #2 62.4 60.7 76.7 64.1 49.1 39.8 63.3 53.3 60.8

Table 5: Experiments on various question prompts and sys-
tem instructions on the performance of model predictions.

Model MSVD-QA ActivityNet-QA TGIF-QA

Acc. Score Acc. Score Acc. Score

w/o W. 72.0 3.9 49.7 3.4 72.4 4.0
w/o C. 72.5 3.9 49.7 3.3 73.8 4.0
w/o G. 71.9 3.8 49.8 3.3 74.0 4.0
Ours 73.4 3.9 51.4 3.4 74.9 4.1

Table 6: Experimental results of ablation studies.

of the granularity weighting module, granularity compres-
sion module, and multi-granularity tokenization module, re-
spectively. The results verify the effectiveness of each de-
signed module. Table 5 illustrates the effect of various ques-
tion prompts and system instructions on model performance.
PR #1: “Please only answer the best option’s letter from the
given choices.” PR #2: “Carefully watch the video and pay
attention to the cause and sequence of events, the detail and
movement of objects, and the action and pose of persons.
Based on your observations, select the best option that accu-
rately addresses the question. Only give the best option.” PR
#3: “Answer with the option’s letter from the given choices
directly and only give the best option. Let’s think step by
step.” PR #4: “Answer with the option’s letter from the given
choices directly and only give the best option. Please be crit-
ical.” INS #1: “Carefully watch the video and pay attention
to the cause and sequence of events, the detail and movement
of objects, and the action and pose of persons. Based on your
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Figure 3: Experiments on text generation performance and
model complexity with varying numbers of video frames.

observations, select the best option that accurately addresses
the question.” INS #2: “A chat between a curious user and an
artificial intelligence assistant. The assistant gives helpful,
detailed, and polite answers to the user’s questions. Care-
fully watch the video and pay attention to the cause and se-
quence of events, the detail and movement of objects, and
the action and pose of persons.” Experimental results show
that the model’s performance may vary slightly with differ-
ent prompts, though the overall impact remains minimal. For
different instructions, INS #2 outperforms INS #1, likely be-
cause INS #2 is more closely aligned with the instructions
used during training, leading to better performance.

Hyperparameter study. Figure 3 illustrates the effect
of numbers of frames on text generation performance. The
results indicate that a higher number of frames generally
leads to improved performance, whereas fewer frames (e.g.,
2 frames) tend to result in suboptimal outcomes. Figure 5
shows a qualitative experiment of the activated patches at
low resolution with a ratio of 0.4.

Complexity Analysis. Table 8 provides an analysis of
model complexity on ActivityNet-QA. The term “w/o accl.”
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Model LM AS AP AA FA UA OE OI OS MD AL ST AC MC MA SC FP CO EN ER CI Avg.

LLaMA-Adapter 7B 23.0 28.0 51.0 30.0 33.0 53.5 32.5 33.5 25.5 21.5 30.5 29.0 22.5 41.5 39.5 25.0 31.5 22.5 28.0 32.0 31.7
BLIP-2 3B 24.5 29.0 33.5 17.0 42.0 51.5 26.0 31.0 25.5 26.0 32.5 25.5 30.0 40.0 42.0 27.0 30.0 26.0 37.0 31.0 31.4
Otter-I 7B 34.5 32.0 39.5 30.5 38.5 48.5 44.0 29.5 19.0 25.5 55.0 20.0 32.5 28.5 39.0 28.0 27.0 32.0 29.0 36.5 33.5
MiniGPT-4 7B 16.0 18.0 26.0 21.5 16.0 29.5 25.5 13.0 11.5 12.0 9.5 32.5 15.5 8.0 34.0 26.0 29.5 19.0 9.9 3.0 18.8
InstructBLIP 7B 20.0 16.5 46.0 24.5 46.0 51.0 26.0 37.5 22.0 23.0 46.5 42.5 26.5 40.5 32.0 25.5 30.0 25.5 30.5 38.0 32.5
LLaVA 7B 28.0 39.5 63.0 30.5 39.0 53.0 41.0 41.5 23.0 20.5 45.0 34.0 20.5 38.5 47.0 25.0 36.0 27.0 26.5 42.0 36.0
Otter-V 7B 23.0 23.0 27.5 27.0 29.5 53.0 28.0 33.0 24.5 23.5 27.5 26.0 28.5 18.0 38.5 22.0 22.0 23.5 19.0 19.5 26.8
mPLUG-Owl-V 7B 22.0 28.0 34.0 29.0 29.0 40.5 27.0 31.5 27.0 23.0 29.0 31.5 27.0 40.0 44.0 24.0 31.0 26.0 20.5 29.5 29.7
VideoChatGPT 7B 23.5 26.0 62.0 22.5 26.5 54.0 28.0 40.0 23.0 20.0 31.0 30.5 25.5 39.5 48.5 29.0 33.0 29.5 26.0 35.5 32.7
Video-LLaMA 7B 27.5 25.5 51.0 29.0 39.0 48.0 40.5 38.0 22.5 22.5 43.0 34.0 22.5 32.5 45.5 32.5 40.0 30.0 21.0 37.0 34.1
VideoChat 7B 33.5 26.5 56.0 33.5 40.5 53.0 40.5 30.0 25.5 27.0 48.5 35.0 20.5 42.5 46.0 26.5 41.0 23.5 23.5 36.0 35.5
LLaMA-VID 7B 46.0 42.0 62.5 37.5 55.0 54.5 40.5 33.0 21.0 26.5 87.5 47.5 23.5 43.5 43.0 29.0 42.0 34.5 40.0 34.5 42.2
Video-LLaVA 7B 41.0 47.0 54.5 41.5 54.5 51.0 46.0 34.5 32.0 28.5 86.5 42.0 22.5 52.0 40.5 30.0 45.0 32.0 40.5 37.0 42.9
GPT-4V - 55.5 63.5 72.0 46.5 73.5 18.5 59.0 29.5 12.0 40.5 83.5 39.0 12.0 22.5 45.0 47.5 52.0 31.0 59.0 11.0 43.5
Ours 7B 49.5 59.5 57.0 46.0 54.5 53.5 60.0 35.0 25.5 27.5 84.0 40.5 34.5 44.5 40.5 42.5 45.5 28.5 40.5 35.0 45.1

VideoChat2 7B 66.0 47.5 83.5 49.5 60.0 58.0 71.5 42.5 23.0 23.0 88.5 39.0 42.0 58.5 44.0 49.0 36.5 35.0 40.5 65.5 51.1
Ours w./ Inst. 7B 53.7 68.0 71.0 47.0 52.5 75.3 64.5 33.0 20.0 30.5 82.5 36.0 60.5 72.5 48.5 42.0 45.0 34.0 38.0 55.0 51.5

Table 7: Performance on MVBench. Gray rows: Models adopt more instruction tuning data (2M v.s. 763K).

Question: How many people are there in the video?

Ours: There is only one person, a woman (✓), in the video.

VideoLLaMA2: The video shows a woman and a man  () in the kitchen. The 

woman is preparing the salad, and the man is standing next to her ().

(a) Open-Ended Question Answering

Question: What ingredients did the chef use to make a turkey sandwich?

Ours: The chef used turkey, lettuce, tomato (), and mayonnaise to make a turkey 

sandwich. He also used a knife to cut the sandwich into four pieces  (✓).

VideoLLaMA2: The chef used a variety of ingredients to make a delicious turkey 

sandwich. He started by spreading butter on the slices of bread. Then, he added 

lettuce, tomato (), and mayonnaise to the sandwich. Finally, he topped it off 

with a slice of cheese ().

(c) Text Generation (Failure Case)

Question: What color is the person's clothes in the video?

Ours: The person in the video is wearing gray clothes (✓).

VideoLLaMA2: The person in the video is wearing black and red clothes ().

(b) Fine-Grained Understanding

Figure 4: Qualitative experimental results on open-ended
question answering and text generation benchmarks.

Model TMACs TFLOPs ∆Params Num

LLaMA-VID 16.84 33.70 217.04M
Ours w/o Accl. 26.69 53.40 -
Ours 11.97 23.94 222.81M

Table 8: Analysis on model complexity.

Question: Who walks along a trail? Question: What is a man doing?

Figure 5: Qualitative experiments on the granularity weight-
ing module, illustrating the spatial activated patches.

denotes the absence of the proposed acceleration strategy.
The results show that our multi-granularity encoding ap-
proach requires less computational effort and exhibits re-
duced model complexity.

Conclusion
In this paper, we propose a granularity-adaptive spatial ev-
idence tokenization method that enhances visual encoding
by highlighting specific regions at multiple granularity lev-
els, thereby improving the model’s ability to capture fine-
grained details. To mitigate the complexity of encoding
high-resolution frames, we incorporate masking and accel-
eration strategies. Extensive experiments on 11 mainstream
datasets validate the effectiveness of our proposed method.
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