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Abstract

We present VisAssist, the first large-scale video question-
answering dataset with 13,413 real-world videos captured
by visually impaired users, addressing a critical gap in as-
sistive vision research. Unlike existing benchmarks relying
on third-person footage, VisAssist provides authentic first-
person perspectives that uniquely capture challenges in blind
photography—including unconventional framing, motion ar-
tifacts, and frequent information omission. Benchmark eval-
uations of SOTA multimodal models reveal systematic lim-
itations: severe deficiencies in spatial reasoning when pro-
cessing dynamic first-person viewpoints, an inability to dis-
tinguish missing information from poor capture quality lead-
ing to hazardous hallucinations, and fragile text understand-
ing especially for non-Latin scripts under suboptimal condi-
tions. This work establishes a vital real-world benchmark and
underscores the need for specialized architectures in visual
assistance systems.

Code — https://github.com/gaoCleo/VisAssist

Datasets —
https://huggingface.co/datasets/gaoCleo/VisAssist

Introduction

Computer vision technologies, especially multimodal large
language models (MLLMs), can transform assistance for
the visually impaired (Tseng et al. 2025). However, their
performance is fundamentally limited by a mismatch be-
tween training data—typically images from sighted photog-
raphers—versus blind users’ real-world input, which often
has unconventional framing, focus errors, or missing de-
tails (Chen, Anjum, and Gurari 2023).

We present the Visual Assistance Dataset (VisAssist),
the first large-scale first-person video question-answering
(Video QA) dataset for visually impaired users. It consists
of 13,413 videos recorded by visually impaired volunteers
across diverse indoor and outdoor scenarios, capturing daily
situations where visual assistance is critically needed. The
annotation framework combines open-ended natural lan-
guage QA pairs with filming guidance suggestions. When
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a video’s content is insufficient to answer a question, an-
notators not only provide answers but also offer concrete in-
structions to improve filming (e.g., Move the camera slightly
left). This enables visually impaired users to capture key
visual information more efficiently. VisAssist also includes
meta-labels for required visual information and video qual-
ity, enabling analysis of model limitations—revealing when
models succeed or hallucinate with blind-captured videos.

The VisAssist captures unique challenges: (1) high vari-
ance in frame utility (from single-frame answers to multi-
frame dependencies), (2) extreme quality diversity (e.g., mo-
tion blur vs. recoverable low-light frames), and (3) Contex-
tual understanding of text and space, where relationships be-
tween elements outweigh raw object detection. This bench-
mark fills a critical gap by aligning model training with real-
world blind photography patterns and failure modes.

Based on this dataset, we evaluate SOTA video QA mod-
els under three settings: zero-shot learning, fine-tuning, and
input modality analysis. Our tests expose critical weak-
nesses when these models process videos captured by vi-
sually impaired users:

* Incomplete Information Challenges: Current models fail
to handle videos with missing key information caused by
framing. A key limitation is their inability to distinguish
absent information from poorly captured information, af-
fecting answer accuracy.

* Spatiotemporal Understanding Limitations: All models
exhibit poor performance on spatial reasoning tasks (e.g.,
depth estimation, directional queries), revealing funda-
mental challenges in processing dynamic first-person
perspectives - especially with shaky footage typical of
visually impaired users’ recordings.

* Image Quality Sensitivity: Under common impairments
(e.g., low light, glare, or motion blur), model perfor-
mance declines. Some models generate confident but in-
correct responses, posing risks through hazardous hallu-
cinations in vision-assistance applications.

We further analyze the computational efficiency-
performance trade-off by comparing four frame sampling
strategies: (a) single middle-frame, (b) 0.5fps uniform,
(c) 1fps uniform, and (d) adaptive keyframe selection
via frame clustering. While higher frame rates generally



Question(ZH): B 2M-F6? XS A A ED?

Question(EN): What brand is it? Is the cooking time written there?
Answer(ZH): ¥ 2 & KX #]4JAntonio Amato, F. 17 XA BMEZNH O RGF —d, @M ERF
Answer(EN): The brand is Italian, Antonio Amato. The cooking method is on the second face of the packaging you photographed, but

the image is blurry and cannot be identified.

T e
usifrf |, §

Instruction(ZH): FAE A E, BWEINCLEROGT @, RIRCEE R T EE L,
Instruction(EN): Please adjust the angle to shoot the back of the packaging bag to obtain the usage instructions.

Figure 1: Example samples from the constructed dataset.

improve accuracy at greater cost, stronger vision mod-

els like Gemini-Pro achieve comparable performance

to 0.5fps using only selected keyframes. This reveals

a critical dichotomy: vision-capable models thrive with

sparse keyframes, even in noisy or low-information-density

segments, while weaker models rely on raw frame quantity.
Main Contributions:

* Dataset Creation: We present VisAssist, the first video
QA dataset captured by visually impaired users. This fills
the gap in real-world assistive video QA benchmarks.

* Comprehensive Benchmarking: We evaluate multiple
SOTA multimodal LLMs, exposing their performance
bottlenecks.

e Frame Sampling Analysis: We benchmark input strate-
gies for video QA.

Related Work

Video Question Answering Datasets

Video QA datasets (e.g., MSVD-QA, MSRVTT-QA) are vi-
tal for evaluating video understanding but often oversim-
plify visual content (e.g., single-entity recognition). Newer
benchmarks target specific capabilities: TGIF-QA (tempo-
ral reasoning), Pororo-QA/TVQA (narrative understanding),
ActivityNet-QA (action recognition), Social-IQ (social in-
teractions) (Zadeh et al. 2019), and NExXxT-QA (causal-
temporal reasoning) (Xiao et al. 2021). Most use third-
person internet videos; Ego4D (first-person) (Grauman et al.
2022) is limited by non-textual annotations. We introduce
VisAssist, the first first-person video dataset recorded by
visually impaired users for assistive technology research.
Its unique challenges—frame repetitions, motion blur, miss-
ing cues, and erratic viewpoints—address gaps in exist-
ing benchmarks. VisAssist enables tailored model develop-
ment for visually impaired communities, where third-person
datasets fall short.

Video Question Answering Models

VideoQA models fall into two categories: classification-
based (Li et al. 2022; Pan et al. 2023) and generative. Early
work, limited by computational resources, which select an-
swers from a predefined set. However, their real-world appli-
cability is constrained by their inability to generate novel an-
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swers. With improved computational power and LLMs, gen-
erative VideoQA has become mainstream. Video-ChatGPT,
for example, uses a pretrained visual encoder and frozen lan-
guage decoder, training only a bridging layer. Subsequent
work enhances performance through multimodal fusion:
VideoChat combines video descriptions with visual features,
while Video-LLaMA integrates audio. For long-form video
understanding, temporal modeling is key—Valley employs
a Temporal Modeling Module, and TimeChat uses a Time-
aware Frame Encoder for better reasoning.

Dataset

We present the VisAssist. Videos in the dataset are all
recorded by visually impaired individuals.

Dataset Construction

Video source All videos are captured by visually impaired
volunteers, including those who meet the legal blindness cri-
teria and rely on screen readers to operate their phones. Each
video must be 448x448 pixels in size and no longer than 15
seconds. Volunteers should verbally state a question or re-
quest, covering tasks like object search, navigation, or read-
ing. Scenes must include both indoor and outdoor environ-
ments, prioritizing tasks requiring visual support (avoiding
those solvable via touch/hearing alone).

Annotation The annotation process consists of three
steps. First, each video segment is independently anno-
tated by at least two annotators. Next, the annotation qual-
ity is verified using a consistency strategy. Finally, post-
processing is performed to filter and compile the results.

Annotation Guidelines: (a) Describe only visual facts in
the video. (b) Include potential hazards (e.g., obstacles). (c)
For unanswerable questions, specify recording adjustments
(e.g., Move camera left). (d) Flag privacy-related informa-
tion for processing. For interactive annotation: Visually im-
paired volunteers send recordings for immediate feedback,
enabling shooting adjustments. Dialogues are tracked by
task ID, with multiple videos forming complete conversa-
tion sequences.

Consistency Strategy: An LLM determines whether two
annotations conflict. If a conflict is detected, a third annota-
tor arbitrates and modifies the conflicting entries according



to the guidelines.

Post-processing: First, videos are filtered to remove re-
dundant clips and privacy-sensitive content. Next, an LLM
translates (Liu et al. 2024) all original Chinese annotations
into English. A rapid review is conducted to correct obvious
translation errors and ensure quality. Finally, all videos un-
dergo privacy protection processing through pixelation tech-
niques to obscure any visible personal identifiable informa-
tion. An example from the dataset are shown in Figure 1.

The annotations include these key elements:

¢ Question (text format)
¢ Answer (text format)

* Visual information required for answering (multi-label
format): The types of visual information involved in an-
swering the question (e.g., color, text, objects).

* Whether the video contains the answer (single-label for-
mat): Indicates if the answer is visible or if key informa-
tion is missing (e.g., blurriness, occlusion).

» Shooting adjustment suggestions (text format): Recom-
mendations for improving the video recording.

* Information type for shooting adjustment suggestions
(single-label format): The category of suggested adjust-
ments (e.g., stabilize camera, adjust angle).

Data Statistics

We perform a statistical analysis of video duration and anno-
tation labels. The dataset comprises 13,413 videos totaling
137,554.64 seconds (5,465,939 frames), with average dura-
tions of 10.26 seconds and 407.5 frames per video. Most
videos last 4-14 seconds, peaking at 14-15 seconds. Frame
counts display a bimodal distribution, with primary clusters
at 120-360 frames and 840-902 frames; fewer than 0.8% of
videos contain under 60 frames (Figure 2d and 2e). Ques-
tion lengths average 14.1 tokens (Chinese) and 15.8 tokens
(English), while answers are longer: 23.5 (Chinese) and 28.7
(English) tokens. Shooting adjustments appear in 17.25% of
videos, averaging 13.8 (Chinese) and 18.3 (English) tokens.
Objects and text provide the primary visual information
needed, with color and location as secondary cues. Most
tasks demand combined visual information (Figure 2a). Re-
garding answer completeness, 90% of videos contain visible
answers (Figure 2b). Primary causes of incompleteness in-
clude: target objects being partially or fully out of frame, and
insufficient capture of key details. Secondary issues involve
improper shooting distance and motion blur (Figure 2c).

Dataset Comparison

Existing Video QA datasets vary significantly in their char-
acteristics depending on video sources and annotations. As
shown in Table 1, mainstream datasets primarily consist of
third-person perspective videos from movies, social media,
and TV programs. EgoVQA and EgoTextVQA, like VisAs-
sist, are first-person perspective datasets but differ signif-
icantly. In video content, they consist of videos shot by
sighted individuals engaging in certain activities, with each
video containing at least one event and most key information

4151

being clear. VisAssist, in contrast, features videos captured
by visually impaired individuals, where the scene attributes
outweigh the event attributes, and key information may be
missing. For question types, EgoVQA and EgoTextVQA fo-
cus more on reasoning based on events, while VisAssist em-
phasizes objective visual information.

VisAssist captures the unique characteristics of videos
filmed from their perspective and reflects their real-world
needs. The key features of the dataset are analyzed below:

Significant variation in effective frames: Some videos
require only a single clear frame to answer a question(others
being redundant/noisy). In contrast, others demand the in-
tegration of information across multiple frames. This chal-
lenges models to capture key information efficiently: frame
selection is critical, as redundant frames raise computational
costs, and missing key frames risks information loss.

Substantial video quality variations: Hardware, envi-
ronments, and personnel differences cause significant video
quality disparities. Some videos are clear; others show mo-
tion blur, low-light blur, glare, or incomplete framing. Crit-
ically, while some blurry videos still contain discernible in-
formation (albeit more challenging to extract), others are
completely missing key visual details. This challenges mod-
els twofold: low-quality frames need stronger associative
reasoning, while missing information demands hallucination
suppression.

Critical textual information: Text plays a key role in
many videos, but the core challenge lies not in mere text
recognition but in detecting the relationship between text
and other visual elements. For example, a videographer may
focus more on the text on a button pressed by a finger than
on other incidental text in the scene.

Crucial spatial information: Spatial positioning is vital
for tasks like object search or obstacle avoidance. This re-
quires detecting target elements’ positions relative to the ob-
server and understanding spatial relationships among mul-
tiple elements. Some tasks also involve depth/distance esti-
mation, adding model challenges.

Experiment

The study benchmarks mainstream VideoQA models using
the VisAssist with open-ended annotations, focusing specif-
ically on generative VideoQA models for evaluation.
Experimental Setups: We evaluate the zero-shot perfor-
mance. We assess multiple closed-source models (including
ChatGPT-40 (Hurst et al. 2024), Gemini-2.5-Pro (Comanici
et al. 2025), and Gemini-2.5-Flash (Comanici et al. 2025)),
as well as open-source models (such as TimeChat (Ren
et al. 2024), VideoChat2 (Li et al. 2024)’s Vicuna and Mis-
tral variants, VideoChatGPT (Maazi et al. 2024), VideoL-
LaMA2 (Cheng et al. 2024), Qwen2-VL-OCR(a fine-tuned
version of Qwen2-VL (Wang et al. 2024) on OCR datasets),
and Qwen-2.5VL (Bai et al. 2025)). Qwen2-VL-OCR has
only 2B parameters, while the other open-source models all
have 7B parameters. Prior research indicates that these mod-
els achieve SOTA performance on existing video QA bench-
marks. Additionally, we evaluate the models’ performance
after fine-tuning to assess the dataset’s difficulty. For fine-



90.4% Answer Visible
9.6% Answer Not Visible

12.0% with Shooting Advice

2.4% Others
20% Position

90.5% No Advice

0.6 0.8 0 0.2
Problem Types
Motion Blur

Reflection

0 0.2

0.4

(C))

Partial Information
Too Far
Too Close

Obstruction
Other Problems

; _.-llllllllll

012 3 456 738 9101112131415
Duration (seconds)

(e)

0.4

(b) Advice Types 2.0% Human
B Adjust Distance 3.2% Depth
B Adjust Position 6.3% Image and Chart
L Sta?ailize the camera 70.8% Obiect
W Adjust Angle 50.7% Toxt
\ Remove Obstruction AR
B Others 18.1% Color  (¢)

Count

i ' 9.9% Environment
0.6 0.8

0 0.2 0.4 0.6

1000

QOO RD O NN NN AAADNND
S LT P PP (@A
Frames

Figure 2: Data Statistics. (a) Presence of answers in videos. (b) Types of shooting adjustment suggestions. (c) Visual information
required to answer questions. (d)Duration distribution. (¢) Frame count distribution

Datasets Video source Clips Format Perspective Content
MovieQA (Tapaswi et al. 2016) Movie 6771 MC Third Person | Long Story
MSVD-QA (Xu et al. 2017) MSVD 1970 OE Third Person | Records
MSRVTT-QA (Xu et al. 2017) MSRVTT 10000 OE Third Person | Records
TGIF-QA (Jang et al. 2017) Social media 71741 MC&OE | Third Person | GIF
Pororo-QA (Kim et al. 2016) Cartoon 16066 | MC Third Person | Long Story
TVQA (Lei et al. 2018) TV show 21800 MC Third Person | Long Story
ActivityNet-QA (Yu et al. 2019) ActivityNet 5800 OE Third Person | Activities
Social-1Q (Zadeh et al. 2019) YouTube 1250 MC Third Person | Social Support
EgoVQA (Fan 2019) IU Multiview dataset | 520 MC First Person | Assistance
NEXT-QA (Xiao et al. 2021) YFCC-100M 5440 MC&OE | Third Person | Records
Valley (Wu et al. 2025) WebVid2M 73000 OE Third Person | Records
Video-ChatGPT (Maazi et al. 2024) | - 100000 | OE Third Person | Records
TimelT (Ren et al. 2024) Multiple datasets 125000 | OE Third Person | Records
FunQA (Xie et al. 2024) YouTube 4365 MC&OE | Third Person | Records
EgoTextVQA (Zhou et al. 2025) EgoSchema 1507 OE First Person | Activities
VisAssist (Ours) VIP volunteer 13413 OE First Person | Assistance

Table 1: Video QA Dataset Comparison (VIP: Visually Impaired Persons; MC: multiple-choice; OE: open-ended)

tuning, we select the open-source TimeChat, VideoChat2’s
Vicuna variant, VideoLLaMA?2, and Qwen-2.5VL.

Zero-shot testing uses raw answer annotations as ground
truth, while fine-tuning incorporates supplementary shoot-
ing adjustment suggestions from the annotations. The goal
is to enable the models not only to respond accurately but
also to provide framing guidance when key information is
absent from the video. The dataset splits into 8,037 training
and 5,376 test videos (6:4 ratio), with all models undergoing
3-epoch fine-tuning across four NVIDIA A100 GPUs.

Metrics: The evaluation employs semantic metrics based
on LLMs (Maazi et al. 2024), adapting COR (Correctness
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of Information) and DO (Detail Orientation) from existing
frameworks (Maazi et al. 2024), while introducing SU (Spa-
tial Understanding) to align with the spatial emphasis of the
VisAssist. Model performance is assessed using COR, DO,
and SU, each scored on a 0-5 scale (5 being optimal).

Zero-shot Evaluation for Generalization Capacity

Table 2 presents the results for Chinese versions. Most mod-
els demonstrate optimal performance on color-related ques-
tions, likely because color represents the most fundamen-
tal and distinguishable visual feature. Among open-source
models (excluding Qwen), text-based questions prove most



Model Color | Text | Object | Icon | Depth | Human | Env | Dir || COR | DO | SU | Avg
TimeChat 1.11 {093 | 1.06 | 1.09 | 1.08 1.24 1.28 | 0.97 || 1.21 | 0.99 | 0.93 | 1.04
VideoChat2(vicuna) | 1.73 | 1.02 | 1.34 | 1.32 | 1.26 1.79 1.53 | 1.22 || 1.34 | 1.24 | 1.27 | 1.28
VideoChat2(mistral) | 1.79 | 0.93 | 1.22 | 1.27 | 0.82 1.29 1.14 | 1.00 || 1.27 | 1.07 | 1.15 | 1.16
VideoChatGPT 146 | 094 | 1.18 | 1.15 | 1.25 1.35 1.23 | 1.17 || 1.21 | 1.07 | 1.11 | 1.13
VideoLLaMA2 211 | 147 | 1.72 | 1.74 | 1.36 1.52 1.68 | 1.56 || 1.87 | 1.55 | 1.59 | 1.67
Qwen2-VL-OCR 255 | 215 218 | 222 | 1.77 226 | 203|193 | 231 | 207 | 2.18 | 2.19
Qwen2.5-VL 258 | 236 | 237 | 244 | 1.88 2.05 220 | 2.00 || 2.54 | 2.29 | 2.29 | 2.37
Gemini-flash 313 | 288 | 285 | 296 | 2.18 2.68 2741242 || 3.04 | 273 | 2.80 | 2.86
Gemini-pro 345 | 337 | 329 |335| 254 3.23 313 | 2.88 || 3.47 | 3.14 | 3.30 | 3.30
ChatGPT-40 313 | 254 ] 281 | 285 | 261 3.04 | 278 | 2.46 || 2.93 | 2.68 | 2.67 | 2.76

Table 2: Zero-shot performance of models on the dataset, using answer as ground truth. Avg denotes the mean of COR, DO,
and SU metrics. The left column indicates the category of visual information required for answering; within each model,
the strongest type is bold, while the weakest is underlined. Dir is the abbreviation for Direction; Env is the abbreviation for

Environment.
Model Visible | Vague | Reflect | Part Lost | Far | Close | Covered
TimeChat 1.03 1.07 1.27 1.09 1.14 | 1.10 1.13
VideoChat2(vicuna) 1.31 1.06 0.63 0.91 1.15 | 1.20 1.00
VideoChat2(mistral) | 1.19 0.71 0.60 0.88 099 | 0.84 1.13
VideoChatGPT 1.15 0.93 0.73 0.96 1.19 | 0.80 1.36
VideoLLaMA2 1.68 1.48 1.00 1.56 1.56 | 1.62 1.82
Qwen2-VL-OCR 2.24 1.67 1.27 1.64 1.80 | 1.83 1.79
Qwen2.5-VL 2.37 2.50 2.00 2.36 224 | 279 2.54
Gemini-flash 2.89 2.53 2.77 2.47 2.39 | 2.81 2.69
Gemini-pro 3.36 2.90 2.83 2.72 248 | 2.73 2.95
ChatGPT-40 2.78 2.62 247 247 2.36 | 2.92 2.74

Table 3: Zero-shot performance of models across video quality categories. Each model’s top-performing category is bold, while

the weakest is underlined.

challenging. This difficulty may arise because the dataset
contains primarily Chinese text that is often blurred due
to recording conditions, combined with the inherently
higher difficulty of text questions compared to conventional
datasets and limited exposure during training.

All models perform poorly on depth-related questions,
indicating significant limitations in estimating 3D spa-
tial information. Directional understanding also remains
weak across models. These limitations may stem from the
dataset’s unique characteristics: first-person videos recorded
by visually impaired individuals require models to simulta-
neously infer spatial relationships, demanding exceptional
scene comprehension capabilities.

Table 3 shows model performance on videos with varying
degradation levels. Except for Visible cases, all categories
involve unrecognizable critical visual information. A con-
sistent weakness is handling reflective surfaces: though non-
essential regions often remain clear, models tend to generate
plausible but incorrect interpretations of reflective surfaces
by over-relying on contextual cues, a behavior consistent
with VLMs’ instruction-following bias where models pri-
oritize producing coherent responses over admitting uncer-
tainty (Wang and Nalisnick 2025). Similarly, models show
better adaptation to Close than Far scenarios. This aligns
with the typical failure pattern of VLMs: Close cases, while
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severely blurred, provide limited but concentrated visual sig-
nals that constrain hallucination space, whereas Far scenar-
ios with complex backgrounds offer more opportunities for
erroneous contextual reasoning.

ZH Version
Model COR | DO SU avg
TimeChat 1.285 | 1.382 | 1.202 | 1.290
VideoChat2 | 1.225 | 1.245 | 1.163 | 1.211
VideoLLaMA | 1.873 | 1.625 | 1.723 | 1.741
Qwen2.5-VL | 1.944 | 1.798 | 1.852 | 1.865
EN Version
Model COR | DO SU avg
TimeChat 1.460 | 1.474 | 1.361 | 1.432
VideoChat2 | 1.378 | 1.414 | 1.304 | 1.365
VideoLLaMA | 1.874 | 1.642 | 1.721 | 1.746
Qwen2.5-VL | 1.825 | 1.694 | 1.761 | 1.760

Table 4: Cross-lingual evaluation results. Models are fine-
tuned and evaluated using both answer annotations and
shooting suggestions as ground truth. VideoChat is the vi-
cuna version.



/Question: Where is my’ cha%g:eﬂ’

GT: Your charger is on top of the humidifier on the nightstand
TimeChat: In the floor. (Score:0.0)

VideoChat2: Your charger is located on the bed. (Score:0.6)

VideoChatGPT: The charger is on the bed. (Score:0.6)

s R 9¢

VideoLLaMAZ2: Your charger can be found on the bedside table. (Score:3.0)
Qwen2-VL-OCR (2B): It looks like you're in a bedroom. You're lying on a bed with a blanket and a pillow. There's a clock on the bed,

and a phone on the nightstand. (Score:0.3)

Qwen2.5-VL (7B): It looks like your charger might be under the bed or in one of the drawers. The video shows a bed with a brown
headboard and some items on it, but there's no clear view of a drawer or a place where a charger would typically be stored. If you're
not sure where it is, you might want to check under the bed or in any other places where you keep your personal items. (Score:0.3)

Gemini-flash: The charging cables are on top of the Midea humidifier, which is on the nightstand next to the bed. (Score:4.3)

Gemini-pro: At the very beginning of the video (around 0:01-0:02), a white charging cable and what looks like a white charging brick
are visible on top of the white Midea humidifier. The humidifier is on a wooden nightstand next to the bed. (Score:5.0)

ChatGPT-40: The charger is located on the piece of furniture to the left. The white charging cable is plugged into the outlet, and the

cable is visible coiled on top of a container. (Score:2.0)

Figure 3: Qualitative zero-shot results across models. Score represents the average of COR, DO, and SU metrics.

Fine-tuning for Domain Adaptation

During fine-tuning, the model is trained on concatenated text
sequences where answers are directly followed by shooting
adjustment suggestions, with the entire sequence serving as
ground truth. Thus, evaluation requires the model to not only
answer questions but also recommend shooting improve-
ments. As shown in Table 4, TimeChat and VideoChat2
perform poorly. Although TimeChat leverages timestamps
for long-video understanding, it fails to adapt to VisAssist’s
short, visually-oriented videos. VideoChat2 aligns modali-
ties through multi-stage training but struggles with visual
encoding, a critical requirement for VisAssist. By contrast,
VideoLLaMA?2 and the Qwen series show slightly better
results. VideoLLaMAZ2’s dual-branch design processes vi-
sual and auditory inputs jointly, while Qwen’s 2D RoPE
enhances spatial modeling. Despite these advantages, their
accuracy remains low, revealing fundamental gaps in multi-
modal models for complex video tasks.

Impact of Visual Input Configuration

In the context of assisting the visually impaired, the model’s
response time is also a critical factor affecting its effective-
ness. The number of frames and resolution are key factors
influencing the model’s latency and performance.

Frame Rate

The VisAssist’s unique composition necessitates a eval-
uation of temporal sampling strategies. Unlike conventional
video QA datasets where uniform high frame rates often suf-
fice, our dataset contains three semantically distinct ques-
tion types with divergent temporal demands: (1) single-
frame questions (e.g., color identification) that require min-
imal visual sampling, (2) multi-frame relational reason-
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ing tasks demanding sequential analysis, and (3) transient-
keyframe questions (e.g., reading expiration dates) where
critical information appears sporadically due to real-world
filming instability. This tripartite structure creates an inher-
ent tension between computational efficiency and informa-
tion completeness.

To quantitatively characterize this trade-off, we imple-
ment four representative sampling strategies. The middle-
frame selection serves as a baseline to establish the lower
bound of temporal information requirements. Uniform sam-
pling at 0.5 fps and 1 fps provides controlled points for
evaluating the cost-accuracy curve under standardized con-
ditions. Crucially, we implement a heuristic frame selection
module (FSM) to study practical sampling strategies. This
lightweight component operates without MLLM retraining.

As shown in Table 5, the four sampling strategies show
a trade-off between accuracy and efficiency. Higher frame-
rate sampling yields the best performance but is compu-
tationally expensive, while single-frame sampling is effi-
cient but less accurate—underscoring the value of temporal
information for VisAssist. Furthermore, the FSM achieves
accuracy comparable to 0.5 fps sampling in most scenar-
ios while significantly reducing computational overhead,
with its TeraFLOPs performance substantially outperform-
ing high-frame-rate sampling approaches.

The model’s visual comprehension capability signifi-
cantly impacts frame selection effectiveness. For instance,
Gemini Pro with FSM slightly surpasses 0.5FPS uniform
sampling, indicating stronger models utilize keyframe in-
formation more effectively. Conversely, weaker models like
Qwen2-VL-OCR show marginally worse performance with
FSM versus 0.5FPS sampling. This likely occurs because



Model Method | COR | DO | SU | AVG | Latency(ms) | TFLOPs
[Frame | 1.71 | 1.48 | 1.44 | 1.55 | 3525.77 -

. 05FPS | 1.77 | 147 | 155 | 1.60 | 376545 -
VideoLLaMA2  ——pe—197 1155 [ 159 [ T.67 | 5258.08 -
ESM | 1.74 | 149 [ 152 | 1.58 | 3615.23 -

TFrame | 2.17 | 1.89 | 2.02 | 2.03 1668.74 1.83

05FPS | 2.18 | 1.93 | 2.04 | 2.05 1890.79 632
Qwen2-VL-OCR —ppe 537 12,07 [ 2.08 [ 2.19 | 2153.11 9.46
FSM | 2.10 | 1.94 [ 1.96 | 2.00 T711.09 2.68

[Frame | 239 | 2.12 | 2.12 | 2.21 3559.41 497

Owen2.s-vL | OSFPS [ 233 212 [ 211|219 | 413082 838
wenzs.o- TFPS | 2.54 | 2.29 | 2.29 | 237 4590.12 12.64
FSM | 2.36 | 2.10 | 2.10 | 2.19 | 3663.22 6.17

[Frame | 3.05 | 2.76 | 2.77 | 2.86 5 -

Gemini 1o 0.5FPS | 332 | 3.03 | 3.05 | 3.13 - -
p IFPS | 347 | 3.14 | 3.30 | 3.30 - N

ESM | 3.34 [ 3.03 | 3.06 | 3.15 n -

Table 5: Impact of input frame rates on model performance. The 1 frame baseline uses the temporally central frame of the
video. FSM selects no more than 3 frames (averaging 2 frames). Latency is measured on a single NVIDIA 3090 GPU.

Resolution | Model COR | DO | SU AVG | Latency(ms) | TFLOPs
VideoLLaMA2 1.66 | 147 | 1.41 | 1.51 | 4931.34 -

2945224 Qwen2-VL-OCR | 2.17 | 1.93 | 2.06 | 2.05 | 1860.93 8.28
Qwen2.5-VL 251 | 223 | 228 | 2.34 | 4446.48 10.92
Gemini pro 337 | 3.04 | 319 | 320 | - -
VideoLLaMA?2 1.87 | 1.55 | 1.59 | 1.67 | 5258.08 -

448x448 Qwen2-VL-OCR | 2.31 | 2.07 | 2.18 | 2.19 | 2153.11 9.46
Qwen2.5-VL 254 [ 229 | 2.29 | 2.37 | 4590.12 12.64
Gemini pro 347 | 3.14 | 3.30 | 330 | - -

Table 6: Impact of Resolution on Model Performance

frame selection errors are amplified in low-capacity models,
and keyframe information gains cannot compensate for lim-
ited visual understanding. Moreover, in complex temporal
reasoning tasks (e.g., dynamic scene understanding), frame
selection may hinder scene comprehension, resulting in per-
formance degradation versus 1FPS sampling.

Resolution Beyond frame rate, input resolution is an-
other critical factor influencing video QA performance.
Higher resolutions preserve finer details, particularly impor-
tant for VisAssist’s fine-grained questions, but increase com-
putational costs. Our experiments compare 224x224 and
448x448 resolutions. Table 6 shows 448x448 consistently
improves accuracy across all models. Notably, gains cor-
relate with models’ visual capabilities: Gemini Pro shows
the largest improvement, while VideoLLaMA2 has minimal
gains, revealing model-dependent sensitivity.

Limitation
Due to geographical limitations in data collection, Chinese
characters appear most frequently in video scenes involv-
ing text, resulting in a language bias. To mitigate this, we
will incorporate multilingual data via international collabo-
rations in future work. Additionally, while this study focuses
on video frame selection, network design and temporal mod-
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eling also critically impact performance. Thus, a systematic
study of these interdependent factors should be prioritized
in follow-up research for more robust outcomes. Addition-
ally, the multi-turn continuous dialogue task not considered
in the study may be a direction worth exploring.

Conclusion

We introduces VisAssist, the first large-scale video QA
dataset captured by visually impaired users, authentically re-
flecting blind photography challenges through first-person
perspective. Results show SOTA models perform well on
color recognition but struggle with spatial reasoning and text
understanding, especially in challenging conditions. These
results emphasize the need for specialized architectures in
visual assistance systems.
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