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Abstract

Large Vision-Language Models (LVLMs) demonstrate a promising direction
for assisting individuals with blindness or low vision (BLV). Yet, measuring
their true utility in real-world scenarios is challenging because evaluating
whether their descriptions are BLV-informative requires a fundamentally
different approach from assessing standard scene descriptions. While the
“VLM-as-a-metric” or “LVLM-as-a-judge” paradigm has emerged, existing
evaluators still fall short of capturing the unique requirements of BLV-
centric evaluation, lacking at least one of the following key properties: (1)
High correlation with human judgments, (2) Long instruction understanding,
(3) Score generation efficiency, and (4) Multi-dimensional assessment. To this
end, we propose a unified framework to bridge the gap between auto-
mated evaluation and actual BLV needs. First, we conduct an in-depth
user study with BLV participants to understand and quantify their naviga-
tional preferences, followed by collecting complementary sighted human
annotations assessing the quality of the descriptions that affect BLV user
safety. The process leads to curating VL-GUIDEDATA, a large-scale BLV
user-simulated preference dataset containing image-request-response-score
pairs. Our framework shows how preferences from a target user population
can be systematically distilled through human studies and scaled into a
reward model. We then leverage the dataset to develop an accessibility-
aware evaluator, VL-GUIDE-S, which outperforms existing (L)VLM judges
in both human alignment and inference efficiency. Beyond BLV evaluation,
VL-GUIDE-S also generalizes across diverse image-text alignment bench-
marks, suggesting that user-grounded reward modeling can benefit both
specialized and general-purpose evaluation. We hope our work lays a foun-
dation for automatic AI judges that advance safe, barrier-free navigation for
BLV users while providing a practical framework for building evaluators
tailored to diverse user populations.

1 Introduction

“A good guide is better than a hundred maps.” Without reliable assistive guidance, individ-
uals with blindness or low vision (BLV) frequently face unexpected navigational chal-
lenges (Brady et al., 2013; Real & Araujo, 2019; Yuan et al., 2024; Prajapati et al., 2024). In
complex urban environments, avoiding dynamic obstacles—such as parked vehicles or
moving pedestrians—is a matter of physical safety. Surveys indicate that approximately
40% of legally blind individuals experience accidents or falls at least once a month (Man-
duchi & Kurniawan, 2011; Högner, 2015), with over 90% of these accidents caused by street
obstacles (Wilson, 2015; Khan et al., 2023). While AI-based assistive technologies (Wiberg,
2015; Aira, 2015; Microsoft, 2017; TUAT, 2024) have increasingly integrated Large Vision-
Language Models (LVLMs) (Yuan et al., 2024; Huh et al., 2023; Zhao et al., 2024; Liu et al.,
2025) to provide spatial awareness, a critical gap remains: A standard visual description
(e.g., “A car is parked on the right side of the street.”) may be informative to a sighted user,
∗Equal contribution
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but it lacks the context-rich, spatially grounded navigation cues that a BLV user requires to
actively avoid a collision (Bandukda et al., 2019; Kazemi et al., 2023).

Measuring the utility of these models in mobility scenarios is highly challenging because
evaluating whether a description is truly BLV-informative requires a different modeling
perspective than simply assessing a standard scene description. Currently, the automated
evaluation of image-text alignment relies on a VLM encoder-based metric or an LVLM
judge (Lin et al., 2014; Hossain et al., 2019; Ghandi et al., 2023). However, existing evaluators
fail to meet the unique requirements of BLV-centric evaluation, consistently lacking at least
one of four crucial attributes: (1) High correlation with human judgments, (2) Long instruction
understanding, (3) Score generation efficiency, and (4) Multi-dimensional assessment.

Lightweight encoder-based predictors like CLIP-S (Hessel et al., 2021) and BLIP-S (Li et al.,
2022) are highly efficient but struggle to process the long, detailed text sequences inherent
in step-by-step navigational instructions. Conversely, generative LVLMs (Deitke et al., 2024;
Meta, 2024) excel at semantic understanding, but their high inference latency and substantial
computational requirements limit their practicality for large-scale evaluation. They also
often require prompt-tuning and additional post-processing (Li et al., 2024; Tong et al., 2024;
Lambert et al., 2024), including bias subtraction to prevent ranking distortions (Zhu et al.,
2025). Finally, while recent scalar-based models like InternLM-XComposer-2.5-Reward
(IXCREW-S) (Zang et al., 2025) improve inference speed, they demonstrate weak pointwise
correlations with human judgments on image-text alignment benchmarks (e.g., Flickr30K-
Exp/CF (Plummer et al., 2015)). Moreover, the model is tightly coupled with a single LVLM
backbone, InternLM, thereby limiting architectural modularity and flexibility.

To address the limitations of existing evaluators that do not fulfill the BLV-centric evaluation
criteria, we propose a unified framework that bridges the gap between automated LVLM
evaluation and actual BLV needs. Since assessment of the unstructured LVLM-generated
descriptions imposes significant cognitive overload on BLV users (Chandrasekar et al.,
2025; Chen et al., 2025), we distill BLV-specific preferences through direct user studies and
then scale those preferences into a dataset sufficiently large for reward-model training
and evaluation. Furthermore, sighted human judgments also provide complementary
information that cannot be assessed by BLV users alone but impacts safety.

First, by analyzing BLV user preferences across fine-grained dimensions, such as Afraidness
and Sufficiency, we isolate exactly what makes an LVLM description useful for safe mobility.
We then encapsulate these insights into constructing VL-GUIDEDATA, a novel, large-scale
BLV user-simulated preference dataset consisting of 4k image-request-response-score pairs.
Unlike existing datasets that evaluate generic image-text alignment (Xu et al., 2024a; Team,
2024) or focus solely on binary Visual Question Answering (VQA) (Yuan et al., 2024; Gurari
et al., 2019), our VL-GUIDEDATA centers the nuanced perspectives, formatting preferences,
and safety criteria of BLV users navigating complex environments.

Additionally, we introduce VL-GUIDE-S, a human preference predictor specifically de-
signed to capture BLV navigational utility. VL-GUIDE-S satisfies all the above-mentioned
four properties required for effective evaluation. It acts as a robust automatic AI judge that
rapidly understands long instructions/requests and generates scores consistent with both
general sighted judgments and BLV-specific needs. By evaluating across multiple inter-
pretable dimensions rather than providing a single scalar score, VL-GUIDE-S outperforms
existing (L)VLM judges in human alignment and inference efficiency.

In summary, our contributions are as follows:

• Comprehensive analysis of BLV user preferences across diverse LVLM-generated
scene descriptions, revealing the fine-grained factors that drive navigational utility.

• VL-GUIDEDATA, a large-scale multimodal preference dataset curated from BLV-
simulated evaluations and specialized mobility scenarios.

• VL-GUIDE-S, an efficient, multi-dimensional LVLM-based predictor that strongly
aligns with both sighted and BLV human judgments.

†Work done at KAIST AI.
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Figure 1: Overall proposed framework. (Left) Our final benchmark data consist of a
scene, a BLV-simulated request, an LVLM-generated/human-refined scene description, and
corresponding scores across multiple aspects. (Right) VL-GUIDE-S is capable of producing
both scalar and multiple values reflecting alignment with human judgments by appending
reward heads to a frozen LVLM. The last hidden states of LVLM updated during stage 1 are
used to train a ridge regression layer during stage 2.

2 Method

To bridge the gap between standard image-text automated evaluation and the specific needs
of BLV individuals, we propose a unified framework consisting of two main components
(Fig. 1): (1) the curation of a BLV user-aware preference dataset (VL-GUIDEDATA) and (2)
the development of a BLV user-aligned human preference predictor (VL-GUIDE-S).

2.1 VL-GUIDEDATA: A BLV User-Aware Preference Dataset

Since collecting real-time, large-scale preference data directly from BLV individuals poses
safety concerns and scalability challenges, we adopt a two-phase pipeline. First, we conduct
targeted pilot studies with BLV participants to distill their unique navigational requirements
into evaluation criteria. We then leverage these insights to guide sighted human annotators
in constructing VL-GUIDEDATA that aligns with BLV user-derived guidelines.

(A) Scene Collection and Request Generation. We first construct a dataset of environmen-
tal scenes and corresponding navigational requests, assuming a realistic assistive setting
in which images are captured by a BLV user’s device and automatically paired with scene-
relevant requests. To this end, we filter images from SideGuide (Park et al., 2020) and
SideWalk (AIHub, 2019), which contain photos taken by impaired individuals. We ensure
realistic and meaningful evaluation settings by curating images that are perceptible to
sighted annotators since extremely dark or heavily blurred scenes cannot reasonably sup-
port assistive descriptions. We additionally require scenes to contain at least five detectable
objects to create more challenging navigation-oriented scenarios and exclude in-vehicle
perspectives because our focus is on pedestrian self-mobility assistance for BLV users. This
rigorous four-round filtering process by two authors results in 1,152 high-quality scenes
(600 from SideGuide, 552 from SideWalk).

To simulate real-world usage, we generate 5 to 10 plausible BLV navigational requests per
scene using GPT-4o mini (OpenAI, 2024b) with 3-shot prompting. Then, to ensure that the
requests are grounded in the scene, we recruit Institutional Review Board (IRB)-approved 24
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Figure 2: Main results and process of VL-GUIDEDATA construction. (Left) LVLM prompts
are iteratively refined based on BLV user feedback. While raw responses are deemed
safe and actionable, users prefer a consistent, succinct format, validated in a second user
study. (Right) To reduce model bias, final responses for the VL-GUIDEDATA benchmark are
generated by selecting and refining outputs from three different LVLMs. The final LVLM
responses are used to construct the training and test set of VL-GUIDEDATA.

sighted annotators to review these requests to filter out unnatural or non-actionable prompts
(e.g., “Look in the mirror”). Evaluated by two annotators per pair (62.33% agreement)1, this
process yields 4,979 consensus image-request pairs (4.32±1.42 requests per scene). Note
that the quality of the automatically generated requests is later also validated by the BLV
participants. The choice of having the BLV users verify—rather than directly generate—the
requests is deliberate; we focus on how much BLV users prefer certain scene descriptions
given the identical requests across participants.

(B) Exploratory LVLM Response Generation (Phase 1). To understand what types of
scene descriptions BLV individuals prefer, we initially generate a diverse set of baseline
responses. For the image-request pairs, we collect responses from diverse model fami-
lies, including open-source LVLMs known for strong in-context learning (LLaVA-1.6 (Liu
et al., 2023), Qwen-VL (Bai et al., 2023), InternLM-XComposer2-VL (Dong et al., 2024), and
OpenFlamingo (Awadalla et al., 2023)) alongside GPT-4o mini (OpenAI, 2024b). We apply
few-shot prompting on the 7B models and further refine the resulting LVLM responses
using GPT-4o mini. This setup enables a controlled evaluation of whether BLV users exhibit
a preference for certain model descriptions when the source of generation is not disclosed.

(C) BLV User Pilot Study. We then present the generated subset of LVLM descriptions to
BLV participants across two rounds of IRB-approved user studies.

In the initial phase, a panel of six BLV participants evaluates the generated scene descriptions
across five key metrics: Fear, Actionability, Sufficiency, Conciseness, and Overall Quality.
The first two of the five dimensions, Fear and Actionability, were motivated by prior BLV-
centered research (Bandukda et al., 2019), which identified user independence as a key
overarching concept in the outdoor experiences of BLV individuals. Also, the study mentions
the importance of providing adequate environmental information; hence, Sufficiency is
included for our assessment category. We additionally included Conciseness since recent
studies have shown that LLMs often exhibit verbosity bias (Saito et al., 2023), raising an
important question of whether BLV users prefer increasingly detailed descriptions or concise,

1The agreement reflects annotation consistency on a double-annotated subset, not on the overall
filtering process. Only consensus requests that passed multi-stage filtering and were subsequently
approved by BLV participants are retained.
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actionable information. Finally, Overall Quality was included to capture participants’
holistic impressions beyond individual dimensions. Overall, these dimensions are selected
to provide a comprehensive assessment, measuring not only the linguistic quality of the
descriptions (Sufficiency, Conciseness) but also their psychological and practical impact on
BLV users navigating their environments (Fear, Actionability).

The initial results (left panel in Fig. 2) indicate that while the initial LVLM scene descriptions
successfully reduce navigational apprehension (Fear ↓, Actionability ↑), how information is
conveyed needs improvement. Specifically, BLV users strongly prefer structured, deductive
formats–such as a brief overview followed by specific details–over unstructured text. Fur-
thermore, participants emphasize the need to balance conciseness with adequate detail,
prioritizing concrete directional cues and objective distance metrics (e.g., meters or steps)
over subjective, generic warnings (e.g., Watch out for cars or pedestrians.) frequently added
by GPT-4o mini.

Drawing on initial BLV user feedback, we develop a structured template to systematically
reformat LVLM responses (Fig. 2). To determine whether users demonstrate a significant
preference for human-edited content, we also incorporate human-refined outputs into
our evaluation set (Appendix). Finally, to validate the hypothesized trade-off between
sufficiency and conciseness, we test whether appending specific details to the baseline
LVLM responses would yield mixed user preferences. As anticipated, participants strongly
prefer template-adherent responses (Format in Fig. 2). Surprisingly, they also consistently
favor human-edited refinements, even when blinded to the source of the revisions (Accuracy
in Fig. 2). Consistent with findings from the first round, preferences regarding the balance
of detailed versus concise information remained mixed (Sufficiency in Fig. 2).

While it is ideal to curate benchmark datasets collected from BLV users, scaling evaluation
to a large BLV population is impractical due to recruitment constraints. Moreover, sighted
annotators are needed to evaluate properties that require direct visual access to the scene,
such as correctness and hallucination detection, which are critical factors that directly impact
BLV user safety. Hence, we distill the core variables influencing BLV user preferences to
simulate their conditions and scale our evaluation utilizing a more accessible cohort of
sighted participants.

(D) Scaled, BLV user-Aware LVLM Response Generation (Phase 2). Guided by the key
finding from the BLV pilot study, we construct LVLM descriptions (right panel in Fig. 2)
corresponding to scene and BLV-simulated requests. Distinct from the prompts used before
the BLV pilot study, we prompt LLaVA-1.6 (Liu et al., 2023), Qwen-VL (Bai et al., 2023), and
InternLM-XComposer2-VL (Dong et al., 2024) to adhere to the BLV user-preferred unified
template. Then, for each instance, we randomly select one of the three different LVLM
responses and refine it by prompting GPT-4o mini (OpenAI, 2024b). This process of using
GPT-4o to refine responses from different models rather than generating them from scratch
helps to minimize the introduction of bias induced by a single model.

(E) Large-Scale Human Assessment (VL-GUIDEDATA Construction). To construct VL-
GUIDEDATA, we employ 25 sighted human annotators (approved by the Institutional
Review Board) to evaluate the refined 2.5k image-request-response triplets from the Phase 2
generation. Crucially, since our BLV pilot study reveals that baseline LVLM responses al-
ready consistently reduce the fear of BLV users and include BLV user-executable actions, and
sighted annotators cannot authentically evaluate subjective BLV experience, we reformulate
the pilot metrics into seven visually verifiable dimensions.

Specifically, while the BLV requirement for “Actionability” assesses the safety from the
BLV perspective, we need sighted annotators to assess whether the descriptions factually
correspond to the scene because imprecise descriptions could pose significant risk for BLV
users. Hence, the safety for BLV users from a sighted human perspective is decomposed
into (1) Direction Accuracy and (2) Depth Accuracy, ensuring the spatial guidance is physically
correct and executable based on the image. Similarly, the mitigation of “Fear” is enforced
through rigorous visual checks for (3) Safety (identifying physical hazards) and the absence
of (4) Hallucination (preventing fabricated, dangerous guidance). The remaining linguistic
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and structural preferences—(5) Sufficiency, (6) Conciseness, and (7) Overall Quality—are
retained directly from the BLV pilot study. All aspects are annotated with an averaged scalar
score from two to three human judgments on a Likert scale of 1 to 5, except for Hallucination,
which is evaluated dichotomously as either 0 (presence) or 1 (absence) based on non-related
information, inaccurate step-by-step order, or repeated content.

This robust annotation procedure yields 2,112 unique samples to be scored by 2–3 humans
for each. Additionally, we collect high-quality, human-refined (positive) captions that
perfectly satisfy all seven criteria (Appendix). Filtering any newly added human responses
not confirmed by both authors yields two evaluation subsets: VL-GUIDEDATA-M (LVLM
responses labeled with pointwise scores across multiple dimensions; n = 939) and VL-
GUIDEDATA-P (pairwise human/LVLM responses; n = 722). We also generate the training
set of VL-GUIDEDATA for stage 2 using GPT-4o mini as a scorer for 1.57k image-request-
response pairs.

2.2 VL-GUIDE-S: BLV User-Aware Human Judgment-Aligned Evaluator

Building upon the insights from VL-GUIDEDATA construction, we introduce VL-GUIDE-S,
an LVLM-based human judgment predictor designed to quantify the extent to which LVLMs
effectively convey scene information for human users, including individuals with blindness or
low vision. Unlike existing reward models that aggregate multiple scores from conflicting
objectives into a single score, VL-GUIDE-S employs a two-stage architecture for robust
single- and multi-objective scoring.

Stage 1: Single-Objective Scoring. The goal of stage 1 is to output a scalar score that
captures overall semantic alignment between images and texts, while simultaneously shap-
ing multimodal embeddings useful for the later stage. As illustrated in Fig. 1, we simply
append a reward head to a base generative LVLM. This design allows the LVLM to produce
a human judgment-aligned multimodal representation in general. Moreover, this archi-
tecture inherently supports the comprehension of complex, long-form instructions via the
LVLM tokenizer. It also significantly reduces the inference latency compared to text-based
generative scoring methods since it eliminates the O(k) autoregressive decoding overhead
required by generative methods to output k tokens, one at a time.

To explicitly align outputs with human judgment, we use Mean Squared Error (MSE) loss:
minθ∑N

i=1(ri − hi)2 (θ: parameters of the LVLM and appended reward head; hi: ground-truth
human judgment score; ri: model-predicted scalar score). Initialization on the reward head
is conducted using a zero-centered Gaussian distribution with standard deviation 1√

d+1
(d: hidden dimension) (von Werra et al., 2020). Our modeling design via a reward head
stabilizes the optimization process and allows the model to learn a generalized, human-
aligned vision-language representation space before we adapt it to the specialized domains.

Stage 2: Multi-Objective Scoring. Optimizing evaluators under a multi-objective scoring
setting is particularly challenging. Prior work has shown that gradient-based optimization
methods (e.g., MGDA (Zhang et al., 2024b), PCGrad (Yu et al., 2020)) are costly at the scale
of LVLMs and often fail to balance inherently conflicting objectives (He & Maghsudi, 2025).
Ensemble-based approaches such as EMORL (Kong et al., 2025) partially alleviate these
difficulties by aggregating models trained on individual objectives, but still face instability
and limited interpretability without post-hoc calibration when deployed at scale. These
observations suggest that relying solely on parameter-level updates or model ensembling
is sub-optimal, highlighting the necessity for a lightweight training strategy to effectively
scale multi-objective scoring.

To address this, we leverage frozen multimodal embeddings from the VL-GUIDE-S archi-
tecture trained during stage 1 to predict scores across multiple dimensions. Let zi denote
the frozen multimodal embedding and yi be the vector of human scores across K dimen-
sions. We append a lightweight ridge regression layer to predict ŷi =Wzi + b, optimized via:
minW,b∑N

i=1 ∥yi − ŷi∥22 + α∥W∥2F. This formulation enables VL-GUIDE-S to produce instanta-
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neous, interpretable scores across diverse criteria, extending beyond a simple image-text
alignment score.

Our design of reward modeling introduces a new training paradigm for estimating human
judgment scores for multimodal data. Existing methods (Wang et al., 2024a; Xu et al., 2024a)
adopt a compose-then-aggregate strategy: they first predict multi-objective scores and then
combine them into a single score via a learned linear or gating head. In contrast, we reverse
this design by directly supervising a single holistic reward, and subsequently leveraging the
model’s final hidden representation to derive scores across multiple objectives. This design
is motivated by the limitation that aggregating predefined dimensions may fail to capture
overall quality faithfully and can introduce instability. For example, VisionREW-S exhibits
near-zero weights in its aggregation head for certain dimensions, suggesting that some
objectives contribute little to the final score. Our approach of projecting the multimodal
embedding into dimension-specific scores is inherently more stable and informative, as the
trained latent space is already optimized to encode a holistic judgment of humans.

3 Experiments

3.1 Experimental Setup

To demonstrate architectural agnosticity, we instantiate VL-GUIDE-S across several widely
used LVLM backbones: Qwen2-VL (2B and 7B), InternLM-XComposer-2.5 (7B), and LLaMA-
3.2 (11B). Before adding the layer used for multi-objective scoring, we first train VL-GUIDE-S
on Polaris (Wada et al., 2024) and ImgREW (Xu et al., 2024b), which are image-to-text (I2T)
and text-to-image (T2I) datasets consisting of overall human judgment scores. Similar to all
comparison models in Stage 1, our VL-GUIDE-S has not been exposed to any BLV-specific
training data and is evaluated solely on its ability to assess general semantic alignment
between images and texts. Then, we fine-tune VL-GUIDE-S using the training split of our
data for multi-objective evaluation on our VL-GUIDEDATA. Note that all the comparison
models in Stage 2 are also trained on our dataset to ensure fair comparison.

3.2 Comparison Baselines

We benchmark VL-GUIDE-S against a comprehensive suite of existing evaluators:

• VLM-based Metrics: CLIP-S/RefCLIP-S (Hessel et al., 2021), LongCLIP-S (Zhang
et al., 2025), PAC-S/RefPAC-S (Sarto et al., 2024), Polos (Wada et al., 2024), BLIP-S (Li
et al., 2022), and ImgREW-S (Xu et al., 2024b).

• LVLM-based Generative Judges: Molmo-7B (Deitke et al., 2024), LLaVA-Critic-
7B (Xiong et al., 2024), Qwen2-VL-7B (Wang et al., 2024b), InternVL2-8B (Chen et al.,
2024), and G-VEval (Tong et al., 2024).

• Scalar Reward Models: IXCREW-S (Zang et al., 2025) for single objective scoring
and VisionREW-S (Zhang et al., 2024a) for multiple objective scoring.

3.3 Benchmarks and Metrics

Evaluations are conducted on standard general-domain datasets (PASCAL (Xu et al., 2019),
FOIL (Shekhar et al., 2017), Flickr-Exp/CF (Plummer et al., 2015), Polaris (Wada et al., 2024),
and ImgREW (Xu et al., 2024b)) to ensure baseline competence. To measure true BLV-centric
utility, we assess various methods on Sightation (Kang et al., 2025) and VL-GUIDEDATA
(test). For multi-objective scoring evaluation, we benchmark predictors on VisionREW (Xu
et al., 2024a), Align-anything (Team, 2024), and VL-GUIDEDATA. Metrics used to quantify
human-alignment correlation include Pairwise Accuracy (P-Acc) for pairwise ranking
datasets and Kendall’s τb or τc for pointwise datasets.
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Figure 3: Single-objective performance results. (a) VL-GUIDE-S consistently achieve
competitive or superior alignment with human judgments. (b) Ours variants significantly
reduce inference time while maintaining high performance. (c) Our open-source VL-GUIDE-
S achieves comparable human correlation scores to proprietary GPT-4o-based evaluator. (d)
VL-GUIDE-S is capable of processing long texts while showing high performance in both
general and BLV user domains.

3.4 Results

3.4.1 Alignment with Human Judgments for a Single Objective

General image-text datasets. VL-GUIDE-S significantly outperforms conventional
VLM/LVLM-based evaluators and scalar reward models (Fig. 3a). For instance, VL-GUIDE-
S (instantiated with the InternLM-7B) achieves the highest Kendall’s rank correlations of 59.3
and 39.5 on FlickrExp and FlickrCF, surpassing IXCREW-S by 28.7% and 65.1%, respectively
(p < 0.0001). Furthermore, VL-GUIDE-S (Qwen-2B-S) attains near-perfect P-Acc of 98.0%
on FOILR1 (5–10% gains over IXCREW-S, p < 0.005). These results confirm that our novel
architecture yields robust and accurate scores highly aligned with human judgment across
diverse image-text pairs.

Simultaneously, VL-GUIDE-S achieves higher efficiency even when compared with the
original generative version of LVLM (Fig. 3b). For example, while InternVL2-8B takes 90
hours for 14k samples from the Polaris dataset, inference time is greatly reduced by 97.8%
for ours. VL-GUIDE-S demonstrates performance on par with the GPT-4o-based judge,
G-VEval, while operating without external API costs (Fig. 3c).

Instructional image-text datasets. Human instructions, particularly navigation requests
from BLV users, are inherently complex, often requiring the model to interpret extended,
sequential, and multi-step directives. While general image-text datasets typically involve
captions that can be evaluated under a single binary variable y ∈ 0, 1 indicating correct-
ness, instructional datasets introduce additional contextual variables c ∼ p(c) that influence
evaluation criteria. Consequently, the judgment score is better characterized as a condi-
tional distribution p(y ∣ x, c) as used in VL-GUIDE-S, rather than a marginal p(y ∣ x) (x:
multimodal inputs) used by VLM encoder-based metrics (e.g., CLIP-S) with limited context
windows. As shown in Fig. 3d, while IXCREW-S achieves slightly higher raw accuracy, this
is attributed to its overfitting on preference-matching scores rather than granular instruction
following. In contrast, VL-GUIDE-S consistently achieves generally high performance in
both pointwise and pairwise ranking across general and BLV user-aware domains.
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Figure 4: Multi-objective performance results. The proposed VL-GUIDE-S consistently
outperforms the baseline across diverse datasets (per-dimension results in the Appendix).
Furthermore, VL-GUIDEDATA-M demonstrates robust scalability as model architecture size
increases.
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3.4.2 Alignment with Human Judgments for Multiple Objectives

When multiple evaluation objectives are considered, the model estimates a joint or factorized
distribution over dimensions, i.e., p(y ∣ x, c) or ∏k p(yk ∣ x, c), where each yk corresponds
to a specific evaluation criterion. Although the objectives are not strictly independent, this
factorization follows from the chain rule p(y ∣ x, c) = ∏k p(yk ∣ x, c, y<k), and approximating
the conditional dependencies by p(yk ∣ x, c, y<k) ≈ p(yk ∣ x, c) yields the tractable form
∏k p(yk ∣ x, c), which serves as an efficient surrogate to the full joint distribution.

Fig. 4 shows that VL-GUIDE-S outperforms the existing multi-objective reward model,
VisionREW-S, in both general and our BLV user-aware preference datasets. Similar to
the single-objective results, VL-GUIDE-S architecture substantially reduces inference time
(99.1%–99.7%; 51 days vs. 4–11 hrs). These results suggest that VL-GUIDE-S successfully out-
puts interpretable, highly accurate assessments across the distinct, fine-grained dimensions
necessary for multimodal inputs with additional human/BLV user instructions.

Layer Type Acc. (↑) Complexity (↓)
MLP – Baseline 88.6 O(∑L

l=1 nl−1nl)
Random Forest 88.2 (-0.4) O(T ⋅D)
Ridge Regression 87.2 (-1.4) O(d)

Table 1: The effect of layer types on VisionREW
performance (averaged across 59 dimensions) of
VL-GUIDE-S. Ridge regression yields the lowest
inference complexity while maintaining compet-
itive accuracy (d: input feature dimension; L: #
layers; nl : # hidden units in layer l, T: # trees; D:
maximum tree depth.).

While we adopt a ridge regression layer
to map multimodal embeddings to multi-
dimensional scores, this design is not restric-
tive. As noted in Tab. 1, replacing it with
alternatives such as a Multi-Layer Percep-
tron (MLP) or a Random Forest regressor
yields comparable performance, but intro-
duces additional inference overhead. These
results highlight that ridge regression offers
the most efficient and scalable choice for
multi-dimensional assessment.

4 Related Work

4.1 AI for Blind and Low-Vision Individuals

AI has increasingly been deployed to assist BLV individuals, with recent advancements
in multimodal LVLMs showing potential to transform accessibility (Dong et al., 2024;
Zong et al., 2025; Liu et al., 2024). Applications such as Be My Eyes (Wiberg, 2015) and
BLV navigation frameworks like WalkVLM (Yuan et al., 2024) highlight the real-world
utility of these barrier-free AI systems. Yet, measuring their true efficacy requires highly
representative datasets. Prior datasets, such as VizWiz (Gurari et al., 2018; Tseng et al.,
2022) and BIV-Priv-Seg (Tseng et al., 2024), collect images directly from BLV users. While
insightful, the reliance on low-resolution or degraded imagery (Bigham et al., 2010) fails
to reflect modern imaging capabilities and artificially restricts the evaluation of advanced
AI models (Chiu et al., 2020; Olson et al., 2021). To address this, we focus on high-quality
outdoor and indoor scene datasets (Park et al., 2020; AIHub, 2019) that better represent
modern assistive camera inputs.

Furthermore, existing AI systems and datasets predominantly focus on vision-centric tasks,
such as standard obstacle detection (Park et al., 2020; Xia et al., 2023; Tang et al., 2023) or
VQA (Yuan et al., 2024; Gurari et al., 2019; Yang et al., 2024), where outputs are treated as
strictly correct or incorrect. These binary formulations do not capture the complexity of
generating rich, navigational scene descriptions in dense environments filled with signage
and overlapping spatial obstacles. To bridge this gap, we introduce our multimodal BLV
preference dataset, VL-GUIDEDATA. Unlike previous datasets, it contains fine-grained BLV
navigational preferences alongside qualitative reasoning, shifting the focus from objective
scene recognition to subjective, real-world BLV utility.

4.2 Automated Evaluators

Model-based metrics or judges aim to assess image-text alignment by approximating human
preferences. Traditional VLM encoder-based metrics are typically divided into reference-
based approaches (e.g., Polos (Wada et al., 2024), RefPAC-S (Sarto et al., 2024)), which require
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costly ground-truth human annotations, and reference-free approaches (e.g., CLIP-S (Hessel
et al., 2021), BLIP-S (Li et al., 2022)), which score alignment based solely on the image-
caption pair. While pointwise and pairwise ranking datasets (Xu et al., 2024b; 2019; Tripathi
et al., 2025) have enabled nuanced analyses of these metrics, they predominantly focus on
general domain alignment rather than specialized user needs. While recent methods like
IIT-DAS (Zur et al., 2024; Kreiss et al., 2022) effectively enhance CLIPScore to align with
BLV user preferences, it remains limited to the CLIP architecture and web-based images.
Although CLIP-style architectures are highly efficient, they are inherently not suitable for
comprehending the instructional texts from the users.

To overcome the limitations of standard evaluators, recent work has shifted toward the
“LVLM-as-a-judge” paradigm, exploring generative LVLMs for evaluation (Deitke et al., 2024;
Xiong et al., 2024; Meta, 2024). For instance, (Tong et al., 2024) utilizes GPT-4o (OpenAI,
2024b) with Chain-of-Thought (CoT) prompting, while scalar-based reward models have
emerged by training linear projection heads on top of LVLMs (Zang et al., 2025). How-
ever, existing multi-objective reward models, such as VisionREW-S (Xu et al., 2024a) and
MPS (Zhang et al., 2024c), lack in inference efficiency and accessibility. Crucially, because
current evaluation datasets lack human judgment scores tailored to the navigational cri-
teria of BLV users (Team, 2024; Kang et al., 2025), existing LVLM judges fail to perform
multi-dimensional assessments that consistently correlate with BLV preferences. We over-
come this limitation by introducing VL-GUIDE-S, an automated judge designed to evaluate
LVLM-generated scene descriptions across multiple dimensions aligned with BLV needs.

5 Discussion

In this paper, we introduce a framework for evaluating LVLMs tailored to the needs of BLV
users. By grounding evaluation in BLV preferences collected through a series of human
interviews, we enable both accurate and scalable assessment. Through VL-GUIDEDATA and
VL-GUIDE-S, we demonstrate that our framework captures nuanced BLV preferences across
diverse scenarios. More broadly, our results suggest that user-grounded reward modeling
offers a practical approach for distilling specialized user preferences into scalable automatic
evaluators. Although our setup does not fully capture unconstrained real-world BLV
interactions, it provides a practical approximation grounded in direct user feedback. While
developed for BLV accessibility, the framework can naturally extend to other communities
whose evaluation criteria differ from those of standard annotator pools.

Several directions remain for future work. Extending VL-GUIDE-S to continuous, real-time
settings (e.g., frame-by-frame guidance from egocentric wearable cameras) would better
reflect practical deployment. Incorporating user-adaptive evaluation by modeling factors
such as mobility aids (e.g., cane vs. guide dog), navigation proficiency, and environmental
context (e.g., indoor vs. outdoor or crowded vs. sparse) could further improve personaliza-
tion. We believe that AI judges grounded in real human feedback (An et al., 2023; Song et al.,
2024) will enable more reliable assistive systems, ultimately supporting safe, trustworthy,
and barrier-free navigation for individuals who are blind or have low vision.
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