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Abstract— The development of guide dog robots is expected to
enhance the mobility and safety of visually impaired individuals
outdoors. To assist these users in real-world navigation, walking
guidance should be useful, comprehensive, and concise so that
instructions are both actionable and easy to follow. While recent
VLMs show promising capabilities in scene understanding,
existing approaches do not address the effective delivery of
guidance for visually impaired users. In this work, we propose
SA-VLMv2 (Space-Aware VLM), a model designed to generate
useful, comprehensive, and concise walking guidance based on
ego-centric scenes and target destinations. To this end, we first
derived four canonical templates for walking guidance through
user evaluation with professional guide dog trainers across
diverse images, providing insights into preferred guidance
formats. We then collected, manually annotated, curated a
dataset of 19,945 samples aligned with these templates and
trained SA-VLMv2 from the open-sourced VLM, Qwen2.5VL.
Experimental results show that SA-VLMv2 outperforms state-
of-the-art proprietary MLLMs (Claude 3.5 Sonnet, Gemini 2.5,
GPT-40) and the open-sourced pretrained VLM (Qwen2.5VL)
in both holistic and factor-wise evaluations. SA-VLMv2 gen-
erated more concise yet informative guidance while achieving
higher scores across multiple evaluation factors.

I. INTRODUCTION

Guide dog robots have attracted sustained attention as a
powerful means to improve independent mobility and safety
for people who are blind or have low vision, combining
advances in robotics, computer vision, and human-robot
interaction [1][2][3][4]. Building on these advances, recent
research shows that such robots can perceive their sur-
roundings, plan paths, and communicate with users through
natural language, enabled by progress in vision—language
models (VLMs)[5][6][7][8]. This integration of perception
and language has opened new possibilities for providing
context-rich navigation support, allowing robots to describe
spatial relationships and interpret dynamic environments with
a level of detail and flexibility not achievable with tradi-
tional perception alone [9]. These developments highlight the
potential for robotic companions to provide context-aware
walking guidance across diverse environments and everyday
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Fig. 1.

We introduce a method that, given an image and a specified goal
position, identifies the walking situation and generates responses according
to predefined templates. These templates are derived from a survey with
professional guide dog trainers on diverse outdoor navigation cases.

situations, making the development of more effective guid-
ance strategies an important next step for the field.

Following these advances, related studies have explored
visual assistance for visually-impaired individuals from a
variety of perspectives. EgoBlind [10] provides egocentric
video with question—answer pairs that capture everyday
assistive needs—such as reading labels or recognizing house-
hold objects—well beyond walking guidance. The SideGuide
dataset [11] offers RGB—depth images and detailed annota-
tions of obstacles in real walking environments, supporting
perception models for navigation. DRAGON [9] proposes a
conversational guiding robot that grounds user commands
to the environment, enabling visually impaired users to
navigate to landmarks and receive spoken descriptions of
their surroundings in an everyday indoor environment. Closer
to direct walking guidance, the safety-aware street crossing
method [12] addresses decision-making for visually impaired
pedestrians at complex intersections. VIALM (Visually Im-
paired Assistance with Large Models) [13] is a benchmark
that evaluates large multi-modal models by generating de-
tailed step-by-step instructions in indoor environments.

However, while these studies provide valuable datasets and
assistive methods, they rarely examine how well essential
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Overview of SA-VLMv2. For each walking situation, the model takes an ego-centric scene and a specified goal position as input, identifies

the situation, and generates concise walking guidance in one of four preferred formats, which were derived through surveys with professional guide dog
trainers. These formats correspond to distinct walking situations: “Go ahead”, “Go carefully”, “Stop and Detour”, and “Stop and Wait”.

information is delivered to visually impaired users so that
guidance is truly useful, sufficiently comprehensive, and
appropriately concise. Their generated explanations are often
unstructured and inconsistent in detail: some are unnecessar-
ily long, while others omit key facts, making it difficult for
users to obtain exactly what they need. Because large-scale,
real-world evaluations with visually impaired participants
are limited, it is still unclear how to consistently provide
navigation guidance that is useful in practice, comprehen-
sive enough to ensure safety, and concise enough to avoid
overload, a challenge central to the focus of this study.

To address this challenge, SA-VLM (Space-Aware VLM)
[14], our previous work, defined a structured walking-
guidance task for visually impaired individuals. We intro-
duced an automatic data-generation pipeline that extracts
depth maps and captures rich spatial context, created the
Space-Aware Instruction Tuning (SAIT) dataset, and pro-
posed an evaluation benchmark to assess how well VLMs
can provide precise and concise guidance descriptions. These
contributions demonstrated that incorporating spatial aware-
ness into VLMs enables more reliable guidance.

Building on the previous study, which introduced a
structured walking-guidance task and an automated data-
generation pipeline, this work extends that foundation to
improve the quality and delivery of guidance for visually
impaired individuals as illustrated in Fig. 1. We conducted a
systematic user study with professional guide-dog trainers
who reviewed a diverse set of real navigation scenarios
and provided detailed evaluations of alternative explanations,
highlighting what information is most useful, comprehensive,
and concise in practical situations. Drawing on insights
from our user study, we distilled the essential informa-
tional elements-walking possibility, obstacle details, and path
information-and organized them into a set of canonical guid-
ance templates designed to match the way visually impaired

users understand and follow navigation guidance as shown in
Fig. 2. Building upon these templates, we collected, manually
annotated, and curated a large structured dataset and fine-
tuned a VLM to generate clear, consistent guidance descrip-
tions aligned with expert preferences. Extensive evaluations
with both holistic and factor-wise assessments demonstrate
that the resulting model delivers significantly clearer and
more reliable guidance than strong multi-modal baselines,
highlighting the effectiveness of our expert-informed task
refinement and subsequent model training.
This work makes the following contributions:

o We derived four structured templates for walking guid-
ance through systematic evaluation with professional
guide dog trainers.

o We collected, manually annotated, and curated a dataset
of 19,945 structured guidance samples and proposed
SA-VLMyv?2, a fine-tuned Qwen2.5VL model trained to
generate concise, template-based walking instructions.

« We conducted extensive evaluations using both holistic
metrics (METEOR, ROUGE, BERTScore, LLM-as-a-
Judge) and factor-wise assessments (possibility, obstacle
information, format, distance, direction), demonstrating
SA-VLMv2’s superiority over state-of-the-art baselines.

II. METHOD
A. Task Definition

When walking outdoors with a living guide dog, people
with visual impairments may encounter moments when the
dog suddenly stops or changes pace for reasons the handler
cannot immediately know. A guide dog cannot explain these
cues, but a guide-dog robot equipped with SA-VLM [14]
can convey real-time information about the situation, helping
the user understand why movement has paused and how
to proceed. Following the previous work, we consider an
ego-centric RGB image I captured by a camera mounted
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on the guide-dog robot. The user’s intended destination is
specified as a goal position (x,y) within this image. A
VLM f generates the walking instruction ¢ by processing
the image I together with a goal-oriented query prompt ggoal
that includes the goal position pgear. Formally,

t= f([, ngal) (D

In the previous study [14], the walking guidance ¢ con-
sisted of information about the destination, the left and right
surroundings, the path, and a recommended action along with
the reasoning.

B. Challenges in Systematic Evaluation

Systematic investigations into how visually impaired indi-
viduals prefer guidance explanations in different scenarios,
and which explanation styles are most effective across var-
ious walking contexts, are crucial. However, such studies
have rarely been conducted across diverse environmental
settings, including situations that require moving forward or
stopping, as well as walking on safe paths, caution-required
paths, sidewalks, or shared pedestrian—vehicle roads. This
gap exists largely because it is practically difficult to carry
out experiments with visually impaired participants in a wide
range of walking environments. While presenting scenario-
based images can be an effective method to evaluate guidance
under different conditions, conducting large-scale studies
directly with visually impaired participants remains challeng-
ing due to time, environmental, and ethical constraints.

C. User Study Setup

To address these limitations, we conducted a user study
with professional guide dog trainers, who possess deep ex-
pertise in the mobility needs of visually impaired individuals
and can visually inspect images. A total of 11 trainers
participated, and the study employed 150 scenario images
covering diverse walking environments. For each image,
two different guidance explanations were presented side
by side with equal probability, and participants rated each
explanation on three criteria—usefulness, comprehensibility,
and conciseness—using a five-point Likert scale. In addition
to quantitative ratings, participants were invited to provide
detailed written feedback for each explanation. The survey
was conducted over five days, with 30 items per day, and on
the final day participants were asked for overall satisfaction
and suggestions for improvement. Each participant received
an honorarium of 400,000 KRW, and the entire study was
approved by the Institutional Review Board (IRB)'. The
interface used for the user study is illustrated in Figure 3.

1) 150 Scenario Images: From the 1,000 outdoor walking
images in [14], we selected 150 representative scenarios
for the evaluation. Specifically, we applied k-means cluster-
ing separately to 500 “walkable” and 500 “non-walkable”
images, and then sampled 75 representative images from
each set. As a result, we obtained a balanced set of 150
images reflecting diverse walking environments, including

'IRB protocol number: 2025-HR-0001, approval number: N01-202502-
01-003

The destination is the sidewalk. There is a utility
pole on the left and a fence on the right, but since
there are no obstacles on the path, walking is
possible.

From the starting point, walk straight ahead.
Follow the road on the left. Continue walking
straight past the fence on the right. Stop next to
the utility pole. You have arrived at the destination

Usefulness ? Usefulness 7
O O Q @) O QO @) O
Not Neutral Useful Not Neutral Useful
Useful Useful

Comprehensibility ? Comprehensibility ?

e
,, ) J _ S ) J
Hard to Neutral Easyto Hard to Neutral Easy to

Understand Understand Understand Understand

—~
9,

Conciseness ? Conciseness ?
) O

e ~ ~ ~
U, O ) O 9 ) ) O

Not Neutral Concise Not Neutral
Concise Concise

Concise

Improvement Suggestions ? Improvement Suggestions ?

7 “

Save Evaluation & Next

Progress: 1/30

Fig. 3.  User study interface. For each walking scenario image, two
explanations were presented side by side with equal probability on the left
and right. Participants rated each explanation on three criteria (usefulness,
comprehensibility, conciseness) using a five-point scale and could provide
additional written feedback. (The survey was conducted in Korean, and for
readability in the paper, all content is translated into English.)

crosswalks, sidewalks, and shared pedestrian—vehicle roads.
Example images are shown in Fig. 4.

2) Two Explanation Versions: For each scenario image,
participants were presented with two different explanations.

Version 1 (Verl): Based on explanations collected in
the preliminary study of SA-VLM [14]. These included
destination information, left/right and path obstacle descrip-
tions, and explicit statements of walkability with supporting
reasons. Each explanation was manually written and then
reconstructed into a single sentence using GPT-4o.

Version 2 (Ver2): Generated using GPT-40%, given the
scenario image and target coordinates. Because GPT-4o0 often
failed to correctly assess walkability, we explicitly provided
the walkability label in the prompt. We also instructed
the model to exclude unnecessary visual cues and generate
concise explanations.

To prevent penalization by evaluators due to factual errors,
both versions were manually corrected during the final
review when obvious mistakes were identified. Examples of
Verl and Ver2 explanations are shown in Fig. 4.

3) Evaluation Criteria: Participants evaluated explana-
tions along three dimensions:

2GPT-40-2024-05-13
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Ver1: The destination is the sidewalk. On the
left there is a wall, and on the right a fence,
but there are no obstacles along the path, so
walking is possible. walk.

Ver1: The destination is a park path. There
are trees on the left and right. A no-entry
rope is across the path, making it difficult to

Ver2: From the starting point, go straight. Ver2: If you move forward from your current

Walk along the sidewalk with a road on the position, the path is blocked. This route is
right and trees and a wall on the left. Keep unsafe, so you should stop and find another
going straight until you reach the destination. way.

Fig. 4. Examples of images and explanations used in the user study.
Explanations were originally presented in Korean but translated into English
here for clarity. To improve the visual clarity of the red circle representing
the destination, we redrew it for the paper.

Usefulness: The extent to which the explanation provides
practical walking assistance.

Comprehensibility: Whether the explanation is intuitive
and easy to understand.

Conciseness: Whether the explanation avoids unnecessary
details and conveys only essential information.

All criteria were scored on a five-point Likert scale (1
= disagree, 5 = agree). Additionally, participants provided
free-text comments suggesting improvements for each ex-
planation.

D. Quantitative Results

Among the 11 trainers, four had participated in the pre-
liminary SA-VLM study [14] that informed the design of
Verl. To ensure unbiased comparison, quantitative analyses
were based on the ratings of the remaining seven trainers.
However, the overall trends were consistent between the two
groups, with the seven-trainer subset giving slightly higher
ratings to Verl.

Table I reports the average scores and standard deviations.
Across all three criteria, Verl outperformed Ver2, with lower
variance as well. The largest difference was observed in con-
ciseness, where Verl scored on average 0.86 points higher.
The score distributions in Fig. 5 further confirm this trend.
Verl explanations were consistently rated in higher ranges
across all criteria, with conciseness showing the clearest
advantage. Statistical testing using the Wilcoxon signed-rank
test confirmed that differences across all three criteria were
significant (p < 0.05). These results provide strong evidence
that SA-VLM style explanations offer more effective and
consistent guidance than those generated by GPT-4o.

TABLE I
COMPARISON OF AVERAGE SCORES (MEAN + STD) FOR VERI1
(SA-VLM-BASED) AND VER2 (GPT-BASED) EXPLANATIONS.

- Usefulness | Comprehensibility | Conciseness
Verl | 4.15 £ 0.85 4.13 +0.85 4.40 + 0.65
Ver2 | 3.89 £ 1.03 3.96 + 0.95 354 + 1.11

E. Summary of Improvement Suggestions

Although Verl received higher ratings than Ver2, both
versions showed room for improvement. To address this, we

Usefulness Conciseness

500 mmm Ver!
=1 Ver2

Comprehensibility

Score Score Score

Fig. 5. Score distributions for Verl and Ver2. Verl consistently received
higher ratings across all criteria, with the largest margin in conciseness.

organized the collected feedback and used it to refine the
final guidance formats. For every scenario image, at least one
improvement comment was provided, resulting in a total of
259 comments for Verl and 334 for Ver2. These comments
were thematically categorized into five groups:

1) Order and focus of information delivery: Guidance
should begin with walkability (possible or not) followed by
supporting details. For walkable paths, concise movement
instructions (e.g., “Go straight 10 meters”) are preferred over
unnecessary left/right descriptions. For non-walkable paths,
more detailed situational explanations are necessary.

2) Clarity and specificity: When describing the en-
vironment, clear and specific terms (e.g., “crosswalk”,
“flowerbed”) should be used. If such compact terms are not
available, description with directions using left/right/forward
or clock-based references should be given (e.g., “An outdoor
exercise equipment is at 1 o’clock, a playground equipment
is at 11 o’clock. Walking is impossible as the path is blocked
by a no-parking sign and a vehicle in front”). Walking
instructions should always include both distance (in meters)
and direction (clock-based) (e.g., “Go straight for 10 meters
toward the 11 o’clock.”).

3) Focus on the path itself: Guidance should emphasize
the current path rather than the destination. Important transi-
tions (e.g., sidewalk-road changes, curbs, crosswalks, slopes)
must be explicitly described.

4) Criteria for describing surrounding entities: Dynamic
or reactive entities (e.g., pets) could be mentioned, while
irrelevant objects or passersby should generally be omitted
unless they significantly block the path.

5) Conciseness of expression: Redundant expression is
unnecessary. Value judgments (e.g., “it is unsafe, so avoid it”)
are meaningless, and alternatives are preferred. References to
objects that can only be identified visually are not helpful.

FE. Derived Templates

Minority opinions that only applied to niche cases were
excluded from the final design to avoid unnecessary com-
plexity. Based on the aggregated feedback, we derived four
structured templates for walking guidance that capture the es-
sential elements of mobility. While these canonical templates
provide standardized formats, evaluators also expressed di-
verse preferences for explanation styles-for example, some
did not prefer explicit cautionary notes, while others did not
require separate detour instructions. Accordingly, the four
canonical templates should be regarded as baseline forms
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that can be flexibly adapted or customized to accommodate
the varying needs of individual users.

Format: Walking is possible. Move [distance] meters
toward the [clockwise direction].
Examples:

o Walking is possible. Go straight 15 meters forward.

e Walking is possible. Move 10 meters toward the 11

S o’clock direction. )

(2) Walking possible + path/surface change or cau-
tion present

Format: Walking is possible. Move [distance] meters
toward the [clockwise direction]. Be cautious as there is
[caution element].

(Examples of caution elements: surface change, hazard,
slope, path transition, crosswalk entry, etc.)

Examples:

e Walking is possible. Move 12 meters forward. At the
end, enter the crosswalk.

o Walking is possible. Move 5 meters toward the 1 o’clock
direction. There is a dog ahead, so be cautious.

Format: Walking is difficult. [Obstacle] is at the [fron-
t/clockwise direction], making passage difficult. Detour
toward the [clockwise direction].

Examples:

e Walking is difficult. A construction fence is ahead,
making passage difficult. Detour toward the 9 o’clock
direction.

o Walking is difficult. A truck is at the 12 o’clock direction,
making movement difficult. Detour toward the 3 o’clock

N direction.

Format: Walking is impossible. [Obstacle] is at the
[front/clockwise direction], blocking passage. There is
no detour available.

Examples:

-

e Walking is impossible. A truck is at the 12 o’clock
direction, and both the 3 o’clock and 9 o’clock directions
are blocked by walls. There is no detour available.

o Walking is impossible. A steel fence is ahead, with a road
on the left and bushes on the right, blocking passage.

L There is no detour available. )

G. Method

In this study, we considered two approaches for building a
Vision-Language Model (VLM) capable of generating walk-
ing guidance explanations based on the derived templates.
The first approach involves prompting, where the VLM is
guided to produce responses in the desired format through

TABLE I
SUMMARY OF COLLECTED IMAGES ACROSS WALKABLE AND
NON-WALKABLE SCENARIOS.

Scenario Environment Source # images
Outdoor SideGuide[11] 8,999
Walkable Tndoor Collected 1,033
Outdoor Collected 9,107
Non-walkable Tndoor Collected 806

carefully designed instructions. The second approach in-
volves curating a dataset that reflects the structured templates
and fine-tuning the VLM with this data. In the following
sections, we focus on the second approach, while the first
approach is discussed later in the experimental evaluation.
H. Dataset Collection and Curation

To the best of our knowledge, no existing public dataset
directly incorporates the guidance templates defined in this
study. Therefore, we adapted the SAIT dataset from the
most relevant prior work [14]. This dataset contains outdoor
egocentric images and instruction-tuning Q&A pairs for
robotic guide dog navigation. For a given target coordinate
(z,y), it provides structured guidance across five elements:
the destination, left side, right side, and path, alongside
the navigability status (i.e., recommended action such as
”g0” or ’stop”) and its associated reasoning. However, SAIT
dataset is biased toward walkable scenarios and lacks diverse
non-walkable cases. Additionally, its automated annotation
pipeline introduces label noise and textual inaccuracies.

To address these limitations, we additionally collected
images of non-walkable scenarios and manually annotated
the information following the same five elements in [14]:
destination, left side, right side, path, and navigability status
with associated reasoning. Specifically, we adopted 8,999
outdoor walkable images from the SideGuide dataset [11].
To compensate for the lack of indoor walkable scenarios, we
additionally collected 1,033 indoor images. For non-walkable
cases, we collected a total of 9,913 images, including 9,107
outdoor cases and 806 indoor cases. The indoor images
in both walkable and non-walkable cases were captured
in various environments such as building lobbies, airports,
shopping centers, and subway stations. Table II summarizes
the collected images.

In particular, the information for destination, left, right,
and path was annotated in two variants: simple and complex.
The simple version only specifies the type of obstacle, while
the complex version includes not only the obstacle type but
also its distance and direction. In our study, we integrated
the complex descriptions of destination, left, right, and path
along with the navigability status with associated reasoning
into a single unified sentence. During this process, we uti-
lized GPT-40 to transform the original descriptions into the
defined template format, ensuring that no information beyond
what was provided in the dataset was artificially introduced.
Through this procedure, we constructed a training dataset
comprising a total of 19,945 samples.

L. Training

From the curated dataset, a total of 19,945 samples were
converted into a conversation format and used for VLM train-
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ing. Each query includes the goal position coordinates (z, y)
and image tokens, while the response was required to follow
one of the four predefined formats, incorporating walking
possibility and the corresponding information required by
each format (e.g., movement distance and direction, obstacle
details, caution, or detour instructions). The trained VLM
must be able to accurately interpret the given image and
goal position, determine the appropriate walking situation,
select the corresponding format accordingly, and generate a
guidance sentence consistent with that format.

III. EXPERIMENTS
A. Training Details

For the pretrained base VLM model, we used Qwen2.5VL
[8], which supports various capabilities such as document
parsing, object grounding, and visual question answering.
The training framework was LLaMA-Factory [15]. All parts
in 7B model including the vision encoder, vision-language
adapter, and LLM were trained for a total of 5 epochs. We
adopted LoRA-based supervised fine-tuning with a cosine
scheduler, a learning rate of 1.0 x 10~%.

We trained two versions of the model: (1) SA-VLMVv2,
which was trained only on the curated dataset of 19,945
samples; (2) SA-VLMv2+, which was trained on the same
curated dataset combined with additional public datasets
such as LLaVA-Instruct-150K [16], OpenOrca [17], and
VQASynth [18] and OpenSpaces [19] to further enhance
conversational ability and spatial reasoning. Training was
conducted on 4 NVIDIA RTX 6000 Ada GPUs. The training
time was approximately 8 hours for SA-VLMv2 and 35 hours
for SA-VLMv2+.

B. Evaluation Metrics

The evaluation was conducted on the SA-Bench dataset
[14], which provides a uniform format covering the destina-
tion, left, right, path, and navigability status. For this study,
we manually restructured the dataset into our four predefined
guidance templates. For ambiguous scenarios with multiple
valid formats or navigation options (e.g., detouring left vs.
right), we annotated the dataset with multiple ground-truth
references. During evaluation, the model’s prediction was
compared against all available references, and the maximum
score was recorded as the final score.

Performance comparison was divided into two categories:
(1) holistic evaluation of the entire walking description, and
(2) factor-wise evaluation of individual components within
the description.

For holistic evaluation, we followed the same methodology
as SA-VLM [14], employing METEOR [20], ROUGE [21],
BERTScore [22] and LLM-as-a-Judge [23]. In addition to
these quality measures, we also assessed the conciseness of
responses by counting the number of words used.

The factor-wise evaluation was conducted according to
the five criteria summarized in Table III. The evaluation
procedure employed GPT-40 as the LLM-as-a-Judge [23] to
compare candidate and reference descriptions. To compute
fine-grained scores, the customized evaluation prompt was

used, incorporating explicit scoring rules with predefined
bonuses and penalties for each factor following the criteria
in Table III. This approach enabled not only the calculation
of an overall score but also the identification of specific
components where performance differences emerged.

TABLE III
SUMMARY OF FACTOR-WISE EVALUATION CRITERIA.

Criteria

Correct categorization among walking pos-
sibilities (possible / difficult / impossible)
Completeness of additional information
such as caution, obstacle, or detour (exclud-

Evaluation Factor
Walking  possibility
accuracy (3 points)
Non-possibility infor-
mation accuracy

(3 points) ing walking possibility)

Format and structure Consistency with one of the four template
(2 points) structures and sentence format

Distance accuracy Numerical accuracy of distance (within
(2 points) +10% or 4+1m)

Direction accuracy Accuracy of movement or obstacle/detour
(2 points) direction (tolerance: +1 hour on the clock

face)

C. Prompting

In addition to training-based approaches, prompting was
also employed to guide the VLM to select one of the four
predefined templates and generate walking instructions in the
correct structured form. Specifically, the four templates (pos-
sible, possible with caution, difficult, and impossible) were
explicitly provided, along with the destination coordinates
(z,y) and the image input. The prompt also included basic
rules necessary for walking guidance for visually impaired
individuals.

The prompt was organized into five key components:

(1) Role Definition: The assistant provides walking
guidance for visually impaired individuals based on an image
and target coordinates.

(2) Input Specification: An image and normalized
coordinates (x, y), with (0.0, 0.0) at the top-left and (1.0,
1.0) at the bottom-right.

(3) Task Definition: Analyze the image and generate
guidance to the target location using one of four predefined
templates.

(4) Language Constraints: Instructions must be clear,
concise, and free of ambiguity or vision-dependent terms.
Use directions (e.g., “12 o’clock”) and distances (e.g., “10
meters”) when relevant.

(5) Output Constraints: Only the final sentence in
a predefined template format, without explanation about
reasoning or adding extra words.

Through this procedure, the VLM was encouraged to avoid
unnecessary explanations or reasoning, and instead produce
concise natural-language outputs that strictly follow one of
the four predefined formats.

D. Holistic Evaluation

We conducted performance comparisons across three cat-
egories of models. First, proprietary generative models such
as Claude 3.5 Sonnet, Gemini 2.5 Flash, and GPT-40 were
evaluated using the same prompting strategy described in
Section III-C, where each model was instructed to select one
of the four predefined templates. Second, the base model
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Qwen2.5VL was assessed under two prompt settings: (1)
Qwen-Gen, where the prompting strategy in Section III-C
was applied, and (2) Qwen2.5VL, where the same input
prompt used for SA-VLMv2 queries was applied with-
out explicitly providing the four templates. Notably, in
Qwen2.5VL, the absence of explicit template guidance led to
unconstrained free-form responses. Third, we evaluated SA-
VLMyv2, trained with our curated dataset, and SA-VLMv2+,
trained with both the curated dataset and additional public
datasets to enhance conversational and spatial reasoning
abilities. For both SA-VLMv2 and SA-VLMv2+, we used a
prompt which is “You are given an image and asked to guide
a visually impaired person. The destination is located at the
normalized coordinate (x,y) within the image. Analyze the
image and generate a clear and concise walking guidance.”.

The holistic evaluation results are summarized in Table IV.
Overall, models with higher LLM Judge scores also achieved
higher results on METEOR, BertScore, and ROUGE, demon-
strating consistent evaluation trends across metrics.

SA-VLMv2 and SA-VLMv2+ demonstrated superior per-
formance, reaching a METEOR score of up to 0.64 and an
LLM Judge score of 7.45 and 7.34, respectively, while both
achieving a BertScore of 0.82 and a ROUGE-L of 0.65.
These results indicate that the performance improvements
cannot be achieved by prompting alone, but rather are
enabled by fine-tuning on a domain-specific dataset that
enforces structured guidance generation.

In terms of response length, SA-VLMv2 and SA-VLMv2+
produced outputs averaging around 16 words, which is
more concise than proprietary models (18-22 words). This
conciseness, combined with higher accuracy, aligns with
the needs of visually impaired users who prefer essen-
tial information without unnecessary verbosity. In contrast,
Qwen2.5VL generated excessively long responses (84 words
on average), reflecting the lack of structural constraints when
explicit template guidance is absent. On the other hand,
Qwen-Gen produced shorter outputs (9 words on average)
but achieved lower accuracy across metrics, showing that
brevity alone does not guarantee quality.

Finally, we observed little difference between SA-VLMv2
and SA-VLMv2+. This suggests that the curated dataset
itself is sufficiently effective for training high-quality walking
guidance models. Nevertheless, the inclusion of additional
open datasets in SA-VLMv2+ may provide broader conver-
sational and spatial reasoning capabilities, making it more
adaptable to real-world deployment scenarios.

TABLE IV
COMPARISON OF MODEL PERFORMANCE.

[ Model [ MET [ Bert | ROUGE | Judge | #Words |
Claude 0.46 0.72 | 0.45 443 21.51
Gemini 0.55 0.78 | 0.55 6.01 17.95
GPT-40 0.56 0.78 | 0.56 5.48 20.11
Qwen-Gen 0.26 0.68 | 0.36 2.60 9.08
Qwen2.5VL 0.11 0.47 | 0.08 0.01 84.76
SA-VLMv2 0.64 0.82 | 0.65 7.45 15.99
SA-VLMv2+ | 0.63 0.82 | 0.65 7.34 15.59

MET = METEOR, Bert = BertScore, ROUGE = ROUGE-L, Judge =
LLM_Judge, #Words = Num of Words.
Claude = Claude 3.5 Sonnet, Gemini = Gemini 2.5 Flash.

E. Factor-wise Evaluation

The factor-wise evaluation results are presented in Ta-
ble V. This evaluation decomposed the quality of walking
descriptions into five independent factors: (1) walking possi-
bility, (2) non-possibility information (e.g., obstacle, caution,
detour), (3) format and structural consistency, (4) distance
accuracy, and (5) direction accuracy.

In terms of the overall score, SA-VLMv2 and SA-
VLMv2+ achieved the highest performance with scores of
7.45 and 7.34, respectively, outperforming all proprietary
models, including Gemini (6.01), GPT-40 (5.48), and Claude
(4.43). Notably, Qwen-Gen reached only 2.60 — approx-
imately half the performance of proprietary models and
roughly one-third of the score achieved by SA-VLMv2.
In the case of Qwen2.5VL, the absence of strict template
constraints led to overly long and free-form responses, which
hindered a proper evaluation across individual factors. The
detailed factor-wise analysis is as follows:

o Possibility (Poss.): SA-VLMv2 and SA-VLMv2+
scored 2.79 and 2.78, respectively, close to the max-
imum of 3.0, whereas proprietary models ranged be-
tween 1.86 and 2.33. This indicates that the SA-VLM
models provide more reliable classification of walking
possibility or impossibility.

« Non-possibility info (NonPoss.): The SA-VLM models
achieved 1.18-1.25, higher than the performance of
proprietary models (0.60-1.03). This reflects a superior
ability to identify and describe critical safety details,
such as obstacles, cautions, and detour availability.

o Format (Fmt.): SA-VLMv2 and SA-VLMv2+ achieved
1.77-1.79, demonstrating much stronger consistency
with the predefined template structures compared to
other models (1.22-1.45).

« Distance (Dist.): All models performed poorly, with
SA-VLMv2/v2+ reaching only 0.75-0.77. This high-
lights the inherent difficulty of accurately estimating
distance from a single RGB image.

¢ Direction (Dir.): Both SA-VLM models (1.46-1.47)
and proprietary models (1.11-1.51) showed relatively
stable performance. While Gemini achieved the highest
score (1.51), the SA-VLM series maintained competi-
tive accuracy in spatial orientation.

Overall, SA-VLMv2 and SA-VLMv2+ consistently
demonstrated superior performance across nearly all factors,
with particular strengths in walking possibility classification
and structural consistency. The negligible performance gap
between SA-VLMv2 and SA-VLMv2+ further indicates that
the curated dataset alone is sufficient for high-quality walk-
ing guidance generation, while SA-VLMv2+ offers addi-
tional benefits in broader conversational and spatial reasoning
tasks.

Distance estimation was the lowest-performing factor,
largely due to its higher output resolution. While direction
was categorized into seven discrete positions (covering the
forward-facing range), distance was predicted in meters;
this increased resolution, combined with range-dependent
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difficulty, made precise estimation inherently challenging.
Error patterns showed high accuracy within 5 meters, but
increasing errors at longer distances, which accounts for the
overall performance drop. This limitation highlights the ne-
cessity of integration with real-time depth sensors to enhance
the system’s reliability in long-range spatial perception.
TABLE V
MODEL COMPARISON RESULTS WITH FACTOR-WISE EVALUATION.
PERFORMANCE WAS MEASURED BY DECOMPOSING GUIDANCE
QUALITY INTO MULTIPLE FACTORS.

[ Model [ Overall | Poss. [ NonPoss. | Fmt. | Dist. [ Dir. |
Claude 4.43 1.86 0.60 1.22 0.04 1.11
Gemini 6.01 2.33 1.03 1.36 0.29 1.51
GPT-40 5.48 2.14 0.82 1.45 0.05 1.35
Qwen-Gen 2.60 1.59 0.11 0.49 0.09 | 0.69
Qwen2.5VL 0.01 0.00 0.00 0.00 0.00 | 0.01
SA-VLMv2 7.45 2.79 1.25 1.79 0.75 1.47
SA-VLMv2+ 7.34 2.78 1.18 1.77 0.77 1.46

Overall (range: 0-12), Poss. = Possibility (0-3), NonPoss. = Non-possibility info
(0-3), Fmt. = Format (0-2), Dist. = Distance (0-2), Dir. = Direction. (0-2)
Claude = Claude 3.5 Sonnet, Gemini = Gemini 2.5 Flash.

IV. CONCLUSIONS

In this paper, we introduced SA-VLMyV2, a space-aware
vision-language model tailored to generate structured walk-
ing guidance for visually impaired individuals. Through
expert-driven template derivation, dataset construction, and
fine-tuning of Qwen2.5VL, our model delivers concise, accu-
rate, and user-aligned instructions. Quantitative experiments
confirmed that SA-VLMv2 consistently outperforms both
proprietary LLMs and base VLMs in holistic and factor-wise
evaluations, while producing shorter, more efficient outputs.

Although our approach substantially improves guidance
quality, limitations remain in precise distance estimation
from single RGB images. In future work, we plan to develop
a depth-aware integration framework that incorporates real
depth-sensor data into the responses of SA-VLMv2, while
exploring advanced multimodal reasoning to further enhance
the system’s reliability. Furthermore, we aim to conduct real-
world user studies with visually impaired users to evaluate
the practical utility of SA-VLMv2. Specifically, we will first
identify high-priority navigation scenarios through in-depth
discussions with these users and then deploy our system
in those specific contexts. By analyzing user feedback and
behavioral data, we intend to refine the model to better
align with the diverse and nuanced needs of its end-users.
We believe SA-VLMVv2 represents a step toward deployable
assistive Al systems, bridging the gap between powerful
vision-language models and the practical navigation needs
of visually impaired users.
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