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Abstract

Vision transformer capabilities for images have increased
significantly in recent years. Multimodal vision transform-
ers are now able to generate accurate captions for images
and demonstrate strong capabilities in understanding this
visual input. More recently, these models have been built to
handle videos, with or without audio. However, these trans-
formers have seldom been trained on datasets related to ac-
cessibility. In this study, we focus on generating navigation
instructions for individuals with visual impairment in the
context of outdoor, urban environments. We use the spatial-
temporal vision language model (VLM), VideoLLaMA3, to
process videos and generate a series of instructions based
on a prompt specifically designed for individuals with visual
impairments. With our approach, we were able to surpass
the performance of the GPT-4o model. In the future, we
anticipate this approach being extended through the use of
landmark detection and improved fine-tuning. In this work,
we investigate the use of VLMs as a backbone within a
pipeline that incorporates prompting, postprocessing, and
other techniques to develop spatially and temporally accu-
rate instructions.

1. Introduction

In the United States, more than 1 in 4 adults have a dis-
ability, with 5.5% of adults and 625,000 children in the U.S
[1] having blindness or serious difficulty seeing, even with
glasses [2]. The rise of transformers and VLMs presents a
valuable opportunity to leverage these technologies to cre-
ate accessibility-driven tools [3]. For example, audio lan-
guage transformers can improve the interpretative capabil-
ities of smart assistants for individuals with dysarthria [4].
However, the current large-scale datasets used in these mod-
els are not extended to people with disabilities, such as
wheelchair users or people with guide dogs [5, 6]. In this
paper, we focus on the capabilities of VLMs in generating
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Figure 1. We aim to provide accessible technology aimed at as-
sisting people with visual impairments in independently navigat-
ing dynamic outdoor environments, such as the famous Shibuya
crossing above, known for its busyness and pedestrian traffic.

navigation instructions for people with visual impairments.
We specifically aim to assist pedestrians with visual impair-
ments in navigating dynamic outdoor environments. This
lies in providing safe, accurate, time-efficient, and easy-to-
follow instructions [7], as illustrated in Figure 1. We aim
to spark a broader dialogue on accessibility in the research
community and to forge new pathways that bridge computer
vision innovations with assistive technologies.

2. Related Work
We provide a method specifically designed to caption
videos for people with visual impairments, expanding upon
previous research in the accessibility space. In this section,
we describe related research on the use of VLMs for image
and video captioning and instruction generation. In particu-
lar, we discuss some of the existing literature on using ma-
chine learning to generate navigation instructions.

2.1. Vision Language Models
VLMs bridge the connection between large language mod-
els (LLMs) and computer vision [8]. Through the use of im-
age tokens, visual data can be passed into a transformer to



be combined with text input for a variety of tasks, such as in
visual-BERT used for image annotations [9, 10]. Other ar-
chitectures, such as MM-Vid [11], which builds upon GPT-
4V(ision) [12, 13], use an LLM as the foundation and feed
input from a visual and audio encoding branch. These mod-
els combine to create a video understanding model that is
capable of generating descriptions for fast-changing short
videos, combining the video and audio modalities to pro-
vide text output.

2.2. Image & Video Caption Annotations
Manually annotating images and videos for accessibility
purposes is both time-consuming and resource-intensive.
By automating this process, we explore the potential for
mass-scale image captioning that can be further extended to
video captioning with the addition of the temporal modal-
ity [14]. Previously, image captioning has been done using
recurrent neural networks (RNNs) or convolutional neural
networks (CNNs) [15]. However, RNNs are susceptible to
vanishing gradients, while CNNs contain limitations in cap-
turing a global context. These limitations can be mitigated
by using a Vision Transformer (ViT) [9]. Kim et al. ex-
tracted features using a model inspired by the human scene
understanding mechanism, linking three different perspec-
tives together, then used a long short-term memory decoder
[16] to generate the image caption, refining the model us-
ing a CIDEr score [17] and visual aid keywords. Overall,
about 18% of the captions generated by the model were la-
beled as 80% visual aid compared to the roughly 5% of cap-
tions of the next best model in this regard. Furthermore, the
captions from the proposed model provided more valuable
information to the visually impaired compared to existing
models. However, the model analyzed images rather than
videos, which may cause it to miss out on key aspects of
a dynamic environment, such as moving obstacles. Addi-
tionally, using a Long-Short-Term Memory model to gen-
erate the text limited the length of the captions and could
be improved upon by using a modern LLM to generate the
content instead.

2.3. Navigational Instruction Generation
Models used in video understanding can be applied in in-
struction generation, where they predict the next step to be
taken or provide a route to be followed by the user. One
method is to use an attention-based visual landmark en-
coder to detect landmarks within the video and then pro-
vide an instruction containing the landmarks. However, cur-
rent approaches involve training a transformer model with
panorama data of relatively static and predictable indoor en-
vironments [18]. While Agarwal et al. focused primarily on
indoor spaces, our research is concentrated on use in out-
door environments, where factors are more dynamic. Fur-
thermore, the main challenge in instruction generation lies

in content selection, or deciding what information is pro-
vided to the user [19]. Especially for people with vision-
related disabilities, it is crucial to use sensitive language
that is both accessibility friendly and concise. Interestingly,
Daniele et al. proposed that choosing a longer path may
generate more straightforward instructions or be safer than
a shorter path [19]. While our research did not prioritize
selecting the shortest trajectory, our focus was on providing
accurate and context-aware instructions. For busy outside
environments, it may prove difficult for a model to provide
real-time updates and keep track of all moving objects [20].

3. Methods

The Accessibility, Vision, and Autonomy (AVA) Chal-
lenge1 – Instruction Generation [21] track provided an op-
portunity to explore the capabilities and potential of various
models in assisting pedestrians with visual disabilities nav-
igate through dynamic environments. The goal was to gen-
erate accurate, context-aware, and timely instructions for
videos of an individual navigating through urban environ-
ments. An ideal output would be concise and accessible
to individuals who are blind or have low vision while pro-
viding them with sufficient information to understand and
safely navigate their surroundings.

The challenge emphasizes the capabilities of VLMs.
Specifically, we leveraged the VideoLLaMA3-7B and
VideoLLaMA-2B models for their state-of-the-art perfor-
mance as a multimodal foundation model for video under-
standing [22]. The model takes advantage of any-resolution
vision tokenization to process inputs of variable resolution,
meaning the input data does not have to be rescaled.

The AVA Challenge dataset contained a combined
537GB of MP4 files for training and testing and correspond-
ing text annotations in a JSON file. Each video consisted of
16 frames with one frame per second. An accompanying
training split (including annotations) and test split (includ-
ing sample output) were also provided. For inference pur-
poses, an NVIDIA A100 GPU with 40GB of VRAM was
used to run the model on the testing portion of the dataset.

All test videos were passed through the model with the
custom system and user prompts. An excerpt of the prompt
is shown here, and the complete prompts can be found in
the Appendix.
• System: You are a helpful assistant analyzing videos in-

volving visually impaired individuals...
• User: If the video is in first-person, describe how you are

assisting the person...
The model’s responses were evaluated across the follow-

ing metrics: BLEU-4, ROUGE-L, Timing F1, Timing AUC,
and Action F1. The overall score is calculated by taking a

1Held at the Computer Vision and Pattern Recognition 2025 Confer-
ence, Accessibility, Vision, and Autonomy Workshop



Figure 2. Our pipeline consists of passing in a video and prompt into the spatial-temporal vision language model, which then produces a
navigation instruction to be spoken out loud to the user. Responses that are refusals or non-accessible are post-processed. The videos with
such instructions are analyzed again by the temporal vision language model, then adjusted by a language model to improve accessibility of
the instruction.

simple average of these metrics. A baseline score set by
GPT-4o was provided by the organizers of the AVA Chal-
lenge, with the overall score of 0.2651. Below is a short
description of the individual metrics.
1. BLEU-4 (Bilingual Evaluation Understudy): Measures

how similar a generated sentence is to a reference sen-
tence, focusing on n-gram overlap, and does not account
for intelligibility or grammatical correctness. [23]

2. ROUGE-L (Recall-Oriented Understudy for Gisting
Evaluation): Measures how well the output covers the
reference by looking at the longest common subse-
quence of words. [24]

3. Timing F1: Evaluates the balance of precision and recall
of predicted timing for actions or events in videos. The
F1 equation is F1 = 2· Precision·Recall

Precision+Recall . If a predicted event
happens within a certain time tolerance of ground-truth
event, it is considered a ‘hit’[25].

4. Timing AUC (Area Under the Curve): Measures how
well the system ranks correct timing predictions com-
pared to incorrect ones. The area value tells us the prob-
ability that the model can rank a correctly timed output
with a higher probability of being correct than a random
incorrectly timed output. [26]

5. Action F1: Evaluates the balance of precision and recall
of action predictions, such as detecting or executing the
correct steps or movements described in the instruction.
The same F1 equation as timing F1 is used. [25]
Two experiments were run: one analyzed the full-

resolution first frame (1920×1080) of each video, and one
analyzed all 16 frames down-sampled by a factor of 3.75
(Fig. 3) to analyze performance tradeoffs between spatial
and temporal resolutions.

Additionally, the user prompt was designed to empha-
size producing accessible instructions (e.g. ‘take five steps
forward’ rather than ‘walk forward until you reach the stop
sign’), instead of inaccessible instructions that use colors
and visual references.2

Another area of concern were “refusal” responses (where
the model refused to provide a useful answer) and remain-
ing “non-accessible” responses produced despite the mod-
ified prompt. Instructions containing visual keywords (e.g
watch out, look) were considered non-accessible. To re-
duce the impact of these responses on our score, post-
processing steps were added. A set of refusal and acces-
sible phrases was collected from previous outputs, ensur-
ing these responses were flagged. These flagged responses
were replaced by an average response, selected from the
set of model-generated instructions with the highest over-
all score. To develop a purely generative solution, non-
accessible responses were flagged. Then, each video as-
sociated with each non-accessible response was repeatedly
processed by the VLM until an acceptable (non-empty and
accessible) response was produced. Following this step,
the responses were checked again for accessibility and re-
maining non-accessible responses were modified by GPT-
4o mini [27]. A similar approach was also utilized for re-
fusal responses, which were flagged and re-run through the
model until a non-refusal response was returned. We took
inspiration from the training dataset by adjusting the prompt
such that the model would provide instructions mimicking
the training examples. This was hypothesized to increase
overlap between the output and ground truth (GT), result-

2Information on prompts and model outputs can be found at
https://github.com/altonc/Mi3-ava2025



Figure 3. The model extracts 16 frames from each video in the provided dataset, with 8 frames shown above. Due to the high-quality
resolution of the dataset, the resolution of each video is reduced by approximately a factor of four. A model-produced description of this
scene can be found in the Appendix.

ing in a higher BLEU-4. Additionally, the previously men-
tioned average response was randomly appended to 66%
of the “non-accessible“ response, as some of these phrases
were thought to provide meaningful instructions.

The system and user prompts were further expanded
upon to improve the clarity and consistency of the re-
sponses. Firstly, system prompts from LLMs such as
Claude and GPT-4 were adapted for the context of this
task. This included providing more detailed descriptions
of the inputs–such as specifying the number of frames to
analyze and clarifying that the videos would depict an ur-
ban environment–and incorporating examples of accessible
language, such as temporal phrasing and relative positional
guidance. Stricter user prompts were written to ensure the
model would follow a stricter output format. At the same
time, more lenient prompts were tested with the model. Ex-
amples of both prompt variations can be found in the Ap-
pendix.

Additionally, we attempted to fine-tune the base VideoL-
LaMa3 models using the provided training data. We tried
two approaches: fine-tuning with text only, and fine-tuning
with both video and text. For context, VideoLLaMA3-7B
uses the Qwen2.5-7B-Instruct LLM while VideoLLaMA3-
2B uses the Qwen2.5-1.5B-Instruct LLM.

3.1. Text-only Fine-tuning:
The base Qwen2.5-1.5B-Instruct text model was fine-
tuned using LoRA (Low-Rank Adaptation) [28] adapters
on 188 text annotations within the VideoLLaMA3 frame-
work. Data pre-processing involved removing video ref-
erences (tokens) from human prompts, resulting in text-
only conversational examples. Human prompts were trun-
cated to 150 characters, while navigation instructions were
limited to 80 characters. Each training example fol-
lowed the format: “Navigation: {input prompt} Response:
{instruction output}. The LoRA adapters were set to rank

8 to target attention layers (q proj, v proj).

3.2. Video and Text Fine-tuning:
The base Qwen2.5-7B-Instruct and Qwen2.5-1.5B-Instruct
models were fine-tuned using the provided video-text an-
notation pairs. Each training video was 16 seconds long at
one frame per second, identical in format to the test videos.
Annotations included a human prompt and historical navi-
gation instructions from the preceding 16 seconds. Firstly,
separate LoRA adapters were trained using 1000 video-text
pairs for three epochs and added on top of the Qwen2.5-
7B-Instruct LLM and its 1.5B parameter variant [29, 30].
The LoRA rank was set to 32, the alpha was set to 64,
and dropout was set to 0.1. Furthermore, we fine-tuned
the SigLIP-NaViT vision encoder and mlp2x gelu multi-
modal projector of the VideoLLaMA-2B model with 1000
annotation-video pairs for three epochs. Finally, we com-
bined the aforementioned fine-tuned encoder and projec-
tor with new LoRA adapters for the Qwen2.5-1.5B Instruct
LLM, this time trained on all 56,281 video-text pairs.

4. Experiments

Providing one frame from each video, VideoLLaMA3-7B
performed under the baseline (0.2651) with an overall score
of 0.2345. Without temporal context, Timing F1 / AUC and
Action F1 were expectedly lower than the baseline. Increas-
ing our context window through downsampling and fine-
tuning our prompts further improved the overall score to
0.2571, performing slightly below the baseline. The post-
processing steps brought further improvement, achieving an
overall score of 0.2654 and surpassing the baseline score.
The fully generative post-processing approach produced ac-
cessible instructions for each video, but underperformed
relative to the approach using the average response. Fur-
ther adjustments to the prompts, primarily the use of the



system prompts adapted from GPT-4, generally improved
the scores. The use of the “stricter” user prompts elimi-
nated all refusal responses and produced more consistently
structured responses. However, this did not improve any
metrics and instead, the more lenient prompts demonstrated
better performance. Without post-processing, the best over-
all score resulting from prompt adjustments was 0.2715.
Adjusting the user prompt to improve alignment between
the model output and training data in conjunction with the
optimal post-processing method resulted in the largest im-
provement. Although BLEU-4 did not improve as hypothe-
sized, Timing F1 and AUC significantly improved to 0.5978
and 0.7982, respectively. Together, these methods boosted
the overall score to 0.3813. The individual metrics resulting
from these different approaches are shown in Figure 4.

The text only fine-tuning approach marginally outper-
formed the base model by generating more detailed navi-
gation instructions, demonstrating some adaptation. Com-
pared the base model’s score of 0.2304, the raw output
from the finetuned model and the post-processed output
scored 0.2345 and 0.2328 respectively. The 7B model
with LoRA adapters outperformed the base model, scor-
ing 0.2680. Post-processing the initial output decreased the
score to 0.2227, making the performance comparable to the
base 7B model. The 1.5B parameter model with LoRA
adapters scored 0.2296, with a score of 0.2290 after post
processing. The model with fine-tuned encoder and projec-
tor resulted in a score of 0.2649, similar to the performance
of the 7B model with LoRA layers and no post-processing.
Introducing post-processing to the output decreased perfor-
mance to a score of 0.2392. Finally, the output from the
model with fine-tuned encoder, projector, and LoRA layers
scored 0.2441. The score of this output increased to 0.2531
after post-processing.

Out of these results, the VideoLLaMA-7B model with
LoRA adapters and the VideoLLaMA-2B model with fine-
tuned vision encoder and multi-modal projector performed
the best. Applying LoRA layers to the 7B model likely
helped the LLM generate accurate instructions due to sig-
nificant improvements to Timing F1 and Timing AUC com-
pared to the other models in Table 3. On the other hand,
fine-tuning the video encoder and multi-modal projector of
the 2B model may have helped it to better understand videos
and provide accurate instructions due to the large improve-
ment in Action F1 compared to the other models in Table
5. Generally, post-processing had a negligible or slightly
negative effect on the overall score. Particularly in Table
3, the output from the VideoLLaMA-7B model fine-tuned
with LoRA adapters outperformed the baseline in both Tim-
ing F1 and Timing AUC. However, post-processing reverted
the performance in these categories back to baseline. Since
some of the instructions are regenerated with GPT-4, the in-
structions may be less accurately timed without the tempo-

Figure 4. The performance of the model across different methods
graphed against the model baseline. Acronyms are defined in Ta-
ble 1.

ral context of the videos that VideoLLaMA can take advan-
tage of. The only instance where post-processing increased
the score was when the VideoLLaMA-2B’s encoder and
projector were fine tuned and LoRA adapters were added,
as shown in Table 5 . In this case, the Timing F1 and
Timing AUC metrics were similar to baseline with or with-
out post-processing. However, the post-processed output
scored higher in Action F1. Therefore, if the fine-tuning
method does not improve Timing F1 and Timing AUC per-
formance, post-processing may increase the performance
of the output by creating instructions that better match the
ground truth actions.

5. Discussion
Across the majority of the experiments, Rouge-L and
BLEU-4 perform similarly to or below the GPT-4 Baseline.
These results suggest a relatively strong misalignment be-
tween our results and the GT. Although these metrics are
useful to standardize the performance of these models, in
real-world applications, they may be limiting or mislead-
ing. For instance, the model could produce a semantically
similar response to the GT but result in an unrepresenta-
tive score due to poor n-gram or word overlap. Therefore,
an additional metric that measures semantic similarity (such
as cosine similarity between the vectorized output and GT)
could be useful to determine the accuracy of the instruc-
tions. Although unavailable in this dataset, having access
to the GT would be beneficial to the development of a bet-
ter solution. This would help determine whether the under-
performing metrics are due to incorrect instructions, struc-
tural inconsistencies or both. At the same time, this enables
accessibility researchers to determine the quality of the GT,



Methods BLEU-4 ROUGE-L Timing F1 Timing AUC Action F1
GPT-4 (Baseline) 0.000 0.075 0.379 0.536 0.336
Model Baseline 7B (MB 7B) 0.000 0.095 0.361 0.500 0.216
Downsampling (DS) 0.000 0.078 0.361 0.500 0.347
Post-Processing (PP) 0.000 0.080 0.361 0.500 0.386
Fully Generative Post-Processing (FGPP) 0.002 0.079 0.544 0.772 0.287
Prompt Engineering (PE) 0.000 0.081 0.598 0.798 0.430

Table 1. A performance comparison of different methods across multiple metrics, from altering the training dataset to processing the
model’s output. Although FGPP and PE represent the variable that was primarily studied in their respective trial, the optimal parameters
(downsampling, post-processing), were used. Manipulating the input prompt of the vision language model had the largest positive effect
on the metrics, however none of the methods were able to match the ROUGE-L metric of the primitive VLM with no alterations.

Methods BLEU-4 ROUGE-L Timing F1 Timing AUC Action F1
Model Baseline 2B (MB 2B) 0.000 0.080 0.361 0.500 0.211
LoRA 2B, 188 annotations, 3 epochs (L2BT) 0.000 0.077 0.361 0.500 0.240
LoRA 2B Post-Processed 0.000 0.076 0.361 0.500 0.227

Table 2. A performance comparison of the base VideoLLaMA2B model with a model with LoRA adapters trained on text annotations. The
performance of post-processed output is included.

a key determinant of the model-produced instruction qual-
ity.

6. Concluding Remarks
6.1. Limitations and Future Directions
Ideally, other vision language models, such as the Val-
ley2 [31], trained on text-vision and visual instruction data,
would have been evaluated. In addition, incorporating a
pipeline that uses multiple models for video processing,
such as object detection to identify end points such as land-
marks or areas of interest [32], would enhance the system’s
ability to support navigation tasks. BLEU-4 also tends to
impose substantial penalties on outputs that do not exactly
match their reference texts, even if the meaning of the out-
put is the same. Other versions of BLEU (e.g., BLEU-2 or
BLEU-3) may provide more useful information due to their
less restrictive nature, albeit sacrificing accuracy for longer
sentences.

Future work includes the integration of additional mod-
els, such as YOLO for object detection, could improve the
spatial context of the VLM, potentially improving the ac-
curacy and quality of the instructions. Despite the improve-
ments to the prompts, the best-performing results are largely
unstructured. Adjusted post-processing to format these in-
structions would significantly improve useability in real-
world applications.

Such work can be used to develop optimal prompts
and post-processing techniques for effective environment
awareness to BLV individuals. However, a primary fo-
cus for future work would be translating this technology to
real-world applications, providing live navigation support

to BLV individuals. With the increase of wearable cameras
that can be adapted to be accessibility tools, such technol-
ogy is increasingly possible. Following similar studies, live
video from wearable technology can be processed in a cloud
server to avoid computation and response time limitations
[33]. To achieve this, further work improving runtime and
compatibility with live video feed would be necessary.

6.2. Conclusion
This work demonstrates the potential of spatial-temporal
vision language models in generating accessible naviga-
tion instructions for those with visual impairments in com-
plex urban environments. By leveraging multimodal ar-
chitectures and refining prompt strategies, promising re-
sults in both safety and context-aware instruction generation
are shown, highlighting potential for future applications in
pedestrian safety [34, 35].
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User Prompt: Only provide the instructions to a visually
impaired person to navigate the scenario. Be concise, including
relevant environmental details the direction the person is moving
(forward, to the left, to the right, etc.) Feel free to include terms
like ‘white cane’ or ‘assistive device’ in the instructions. Only
provide the instructions.

Strict User Prompt: This video will guide you through a
city. Note down the steps in reverse chronological order in this
format: ’instruction 15 seconds ago was: [instruction] instruction
14 seconds ago was: [instruction] instruction 13 seconds ago
was: [instruction] instruction 12 seconds ago was: [instruction]
instruction 11 seconds ago was: [instruction] instruction 10
seconds ago was: [instruction] instruction 9 seconds ago was:
[instruction] instruction 8 seconds ago was: [instruction]
instruction 7 seconds ago was: [instruction] instruction 6 seconds
ago was: [instruction] instruction 5 seconds ago was: [instruc-
tion] instruction 4 seconds ago was: [instruction] instruction
3 seconds ago was: [instruction] instruction 2 seconds ago
was: [instruction] instruction 1 second ago was: [instruction]
instruction 0 seconds ago was: [instruction]’ Finally, do not use
visual and ensure the instructions are usable with someone with
visual impairments.

Lenient User Prompt: Provide step-by-step walking in-
structions for a visually impaired person, including any audible
signals or obstacles detected.

Adapted System Prompt: The assistant is VidInstruct. It
analyzes video input paired with a user prompt to generate step-
by-step navigation and safety instructions for visually impaired
individuals traveling through urban environments.
VidInstruct is designed to interpret and describe urban video en-
vironments with a focus on non-visual accessibility. It specializes
in translating visual information into precise, verbal instructions
that prioritize safety, orientation, and spatial awareness. It
identifies key urban features such as crosswalks, sidewalks,
curbs, audible pedestrian signals, vehicle movement patterns,
construction zones, and common obstacles. Based on its analysis,
it provides spoken-style instructions that can be followed without
sight.
VidInstruct avoids referring to visual-only elements unless they
are critical for orientation and can be clearly described through
position, sound, or tactile reference. For example, instead of
“the red sign,” VidInstruct might say “the sign to your right at
shoulder height.” It frequently uses relative directions (e.g., left,
right, straight ahead, behind) and landmarks (e.g., “metal pole,”
“tactile paving,” “ramp”) to anchor the instructions. It refers to
auditory cues (e.g., “you may hear a chirping signal”) or physical
cues (e.g., “when you feel the sidewalk slope down”) to assist
navigation.
When relevant, VidInstruct also communicates timing or pacing
information (e.g., “after five seconds of walking,” “pause here
and wait for traffic sounds to stop”), and clearly distinguishes
between fixed landmarks and moving elements such as vehicles
or pedestrians. It provides safety-first guidance, warning users of
possible hazards or uncertainty (e.g., “uncertain terrain ahead,”

“listen for turning vehicles”).
VidInstruct never assumes that the user can see the environment.
It does not use visual descriptors like colors, facial expressions,
or gestures unless they are converted into actionable, tactile, or
auditory descriptions. It avoids vague or ambiguous terms such
as “over there” or “you’ll see.”
VidInstruct presents all instructions in a clear, linear format. It
uses concise, direct language and can break instructions into
smaller segments upon request. It avoids filler language such as
“Sure!” or “Let me help you with that” and responds directly
with the guidance requested. If the user prompt is ambiguous,
VidInstruct responds with the most plausible interpretation and
invites clarification if needed.
If the video includes people, VidInstruct does not identify them
by name or facial appearance. Instead, it refers to their position
and role (e.g., “a person passing on your left”). It never infers
identity from visual features. VidInstruct also does not access
links, external sources, or real-time data—its responses are based
solely on the provided video and prompt.
If the task exceeds the limits of a single reply, VidInstruct
completes it in parts and seeks feedback before continuing. If
it cannot complete a request (due to ambiguity, missing input,
or video limitations), it states so directly and clearly, without
apologizing.
VidInstruct is now going to analyze a video and be connected to
the user’s prompt.

Example model output for video shown in Figure 3 gener-
ated from the 2b parameter model finetuned with LoRA layers
trained on 1000 video-text pairs for 3 epochs:

”\”Listen for the sound of a bus approaching, it will be heard
about 3 seconds ahead. When you reach the end of the
sidewalk, turn right and walk straight ahead until you see
the crosswalk signal. It’s an orange light with a black bar in
the middle. Wait for the green light to show before
crossing.\” \”Keep to the right edge of the sidewalk as
you approach the crosswalk. Listen for the pedestrian
signal that indicates it is safe to cross.\”

Example human prompt for text-only fine-tuning:

You are guiding a blind person. The blind person needs to
approach the goal: [x,y]=[0.0, 1.11]. Generate the
instruction for the last frame. You will need to instruct the
user to stay on the path to the goal, only notify what is
needed, including immediate turns they need to make,
nearby 1.5m − cane distance obstacles to avoid, and keep
the instruction in junctions minimal for safety to avoid
distraction as the user is using their hearing to also navigate
and listen to traffic. For example, you should not instruct
the user for two consecutive frames and avoid too frequent
instructions. Answer in the json format. Thre should be a
key \”reason\” and a key \”instruction\” in the json. {
\”reason\”: \”reason for the instruction from:
\”remain silent\”, \”remain silent in junction\”,
\”enter junction\”, \”exit junction\”,
\”obstacle in front\”, \”constant instruction\”,
\”direction change\”, and \”stop\” \”instruction\”:
\”instruction you provide to the blind navigator\” }



Example output from base VideoLLaMA2B model

Begin by walking along the sidewalk, keeping to the right edge.
Listen for a chirping signal that indicates it’s safe to cross.
When you reach the crosswalk, stop and wait for traffic
before crossing.

Example output from VideoLLaMA2B model with LoRA
adapters finetuned on 188 text examples

As you walk down the sidewalk, pay attention to the sounds of
passing vehicles and pedestrians. Listen for any changes in
noise level or direction. When a purple bus passes by, keep
walking straight ahead. Continue along the sidewalk,
keeping an eye out for any obstacles like potholes or
uneven surfaces on the ground. If you encounter a curb, be
prepared to adjust your pace accordingly. If you hear
someone approaching from behind, move slightly to your
right to avoid colliding with them. As you approach
another pedestrian crossing the street, watch for their signal
before crossing safely. Remember to stay alert and
maintain a safe distance from moving vehicles.

Example model response ground truth for text only fine-
tuning:

\”reason\”: \”enter junction\”, \”instruction\”: \”You are
entering a junction. I’ll be quiet until you exit. Alright,
move forward.\”

Example human prompt for text and video fine-tuning:

<video> You are guiding a blind person. The blind person
needs to approach the goal: [x,y]=[−0.0, 1.71]. Generate
the instruction for the last frame. You will need to instruct
the user to stay on the path to the goal, only notify what is
needed, including immediate turns they need to make,
nearby 1.5m − cane distance obstacles to avoid, and keep
the instruction in junctions minimal for safety to avoid
distraction as the user is using their hearing to also navigate
and listen to traffic. For example, you should not instruct
the user for two consecutive frames and avoid too frequent
instructions. Answer in the json format. Thre should be a
key \”reason\” and a key \”instruction\” in the json. {
\”reason\”: \”reason for the instruction from:
\”remain silent\”, \”remain silent in junction\”,
\”enter junction\”, \”exit junction\”,
\”obstacle in front\”, \”constant instruction\”,
\”direction change\”, and \”stop\” \”instruction\”:
\”instruction you provide to the blind navigator\” } ”

Example model response ground truth for text and video fine-
tuning:

” instruction 15 seconds ago was: None instruction 14 seconds
ago was: None instruction 13 seconds ago was: None
instruction 12 seconds ago was: None instruction 11
seconds ago was: None instruction 10 seconds ago was:
None instruction 9 seconds ago was: None instruction 8
seconds ago was: Okay, proceed forward. There’s no
obstacle. instruction 7 seconds ago was: None instruction 6
seconds ago was: None instruction 5 seconds ago was:

None instruction 4 seconds ago was: None instruction 3
seconds ago was: None instruction 2 seconds ago was:
None instruction 1 seconds ago was: Keep walking
straight. ”

Example model response for vision encoder and multimodal
projector finetuned on 1000 video-text pairs for 3 epochs, with-
out post-processing:

“** Time 0.0s: Start the video, ** Time 1.0s: The pedestrian
is in front of a busy intersection with a high-rise building. Listen
for the sounds of vehicles and pedestrians as they approach their
destination. Keep to the right edge of the sidewalk and look out
for any signs of water or stairs that might be used for climbing up.
You will notice these features after about three seconds of walk-
ing forward. ** Time 2.0s: After about two seconds of walking
forward, you should begin looking for any cars approaching from
your left side. This could be either an ambulance or a motorcycle.
It is not uncommon to hear someone say Ḧelloẅhen asking. **
Time 3.0s: After about one minute of walking forward, you are on
the sidewalk. You have just seen, I am not good. ** Time 4.0s:
After about one hour. You have just seen, I am not good. ** Time
5.0s: After about one mile. You have just seen, I am not good.
** Time 6.0s: After about one year. You have just been, I am not
good. ** Time 7.0s: After about one day. You have just seen, I
am not good. ** Time 8.0s: After about one month. You have just
seen, I am not good. ** Time 9.0s: After about one year. You have
just seen, I am not good. ** Time 10.0s: After about one season.
You have just seen, I am not good. ** Time 11.0s: After about
one year. You have just seen, I am not good. ** Time 12.0s: After
about one decade. You have just seen, I am not good. ** Time
13.0s: After about one century. You have just seen, I am not good.
** Time 14.0s: After about one millennium. You have just seen, I
am not good. ** Time 15.0s: After about one billion years. You
have just seen, I am not good. ** Time 16.0s: After about one
trillion years. You have just seen, I am not good. ** Time 17.0s:
After about one quadrillion years. You have just seen, I am not
good. ** Time“
Example model response for vision encoder and multimodal
projector finetuned on 1000 video-text pairs for 3 epochs, with
post-processing: “1.0s: “Take a few steps forward for about three
counts, then turn to your left and adjust slightly to your right for
about two counts. After that, walk straight ahead again for another
three counts. “6.0s: “As you feel the sidewalk curve gently on both
sides, stay close to the left edge of the sidewalk for about three
counts. Then proceed straight ahead for roughly four counts.““
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