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Abstract

In this paper, we present a multi-perspective prompt-
based framework for zero-shot image classification us-
ing LVLMs. Real-world image classification often faces
challenges that hinder accurate classification, particularly
when images contain multiple objects or ambiguous intent.
Our method integrates complementary viewpoints through
novel prompting strategies without task-specific fine-tuning.
The framework consists of prediction and voting stage. In
the prediction stage, keywords are generated through di-
alogues with CLIP-filtered candidate classes, followed by
LVLM predictions. In the voting stage, these predictions
are aggregated through majority voting. These two stages
collectively yield the final class prediction. Experimental
results show our intent-aware prompt achieves the highest
single-model accuracy, while ensemble methods improve
performance to 67.65% on the test-dev set.

1. Introduction
Large Vision-Language Models (LVLMs) [2, 4] are trained
on large-scale image-text pairs, enabling them to effectively
align visual and linguistic information. These models can
perform zero-shot classification without task-specific fine-
tuning. A common approach is to provide the model with
a textual description of the image with a set of candidate
classes, enabling it to match the image to predefined classes.
However, tasks such as the VizWiz-Classification [1], which
contain images with multiple objects or ambiguous intent,
require reasoning over multiple possible interpretations to
determine the most reasonable answer.

To address these challenges, we introduce a multi-
perspective prompt-based framework for zero-shot image
classification using LVLMs, designed to facilitate reasoning
over diverse aspects of the image through prompting strate-
gies. We design object-aware, intent-aware, and reason-
aware prompts, allowing the model to perform classification
from diverse perspectives and integrate these perspectives
for improved performance. We demonstrate the effective-
ness of our method with results on the test-dev set.

2. Method
2.1. Framework

Our proposed framework is illustrated in Figure 1, compris-
ing two stages: prediction and voting. In the prediction
stage, multi-perspective prompts direct the LVLM to ana-
lyze the image and extract relevant information. The model
generates a sentence containing multiple keywords based
on the resulting dialogue, which is subsequently compared
with a predefined set of class labels using the CLIP [3] text
encoder. The top 20 semantically relevant candidate classes
are identified. The final phase of this stage involves the
identification of the optimal class from the candidate set,
which is subsequently established as the prediction. In the
voting stage, predictions derived from multiple prompts are
aggregated. When at least two prompts predict the same
class, that class is designated as the final prediction. If all
prompts yield different predictions, CLIP is utilized to re-
calculate the image-text similarity for each predicted class,
and the class achieving the highest similarity score is se-
lected as the final output.

2.2. Prompt Design

Object-aware prompt instructs the model to generate de-
scriptions by considering transformations such as distor-
tions and abstract patterns, directing the model to focus on
key objects within the image. It extracts candidate classes
based on these considerations subsequently.
Intent-aware prompt instructs the model to generate de-
scriptions based on photographic compositional cues, as-
suming the image was intentionally captured by a photog-
rapher. The integration of intent analysis allows the model
to prioritize visually salient and contextually significant ob-
jects to extract the most probable subjects of interest as can-
didate classes.
Reason-aware prompt instructs the model to integrate pre-
vious object-aware and intent-aware predictions to guide
the final decision-making process. The model utilizes can-
didate classes and predictions to generate reason and subse-
quently predicts the most reasonable class.
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Figure 1. The framework of the proposed method. O, I, and R denote object-aware, intent-aware, and reason-aware prompts, respectively.

Method Prompt VizWiz
BLR BRT FRM ROT OBS DRK Corr Clean Total

Qwen2.5-VL-7B O 58.40 59.49 60.15 56.48 64.29 59.09 59.65 65.89 62.70
Qwen2.5-VL-7B I 60.50 63.29 61.09 56.81 57.14 63.64 60.41 65.71 63.45
Qwen2.5-VL-7B R 60.22 63.29 60.53 57.81 50.0 56.82 58.11 64.64 62.35
InternVL3-8B O 60.78 67.08 63.16 53.49 64.29 72.73 63.59 64.46 62.7
Ensemble (Qwen) O+I+R 63.45 65.82 64.47 61.46 59.52 62.5 62.87 69.46 66.85
Ensemble (Total) O+I+R 64.57 68.35 65.88 61.79 66.67 67.05 65.72 70.18 67.65

Table 1. Experimental results on VizWiz test-dev. O, I, and R
denote object-aware, intent-aware, and reason-aware prompts, re-
spectively. Used evaluation metric is accuracy (%).

3. Experiments

In this paper, we evaluate LVLMs (Qwen2.5-VL-7B [2] and
InternVL3-8B [4]) and prompting strategies for the VizWiz-
Classification. Table 1 shows the experimental results on
the VizWiz-Classification test-dev.

Considering individual prompting methods, Qwen2.5-
VL-7B with the intent-aware prompt achieved the high-
est overall accuracy of 63.45%, which means incorporat-
ing the intent may be more effective than focusing solely
on visual object cues. In contrast, reason-aware produced
the lowest performance among the three prompting strate-
gies, with an accuracy of 62.35%. A particularly notewor-
thy finding is the variation in performance across differ-
ent image conditions, depending on the prompting strategy.
The object-aware prompt performed best under obstructions
(OBS, 64.29%), whereas the intent-aware prompt excelled
under too bright (BRT, 63.29%). Meanwhile, the reason-
aware prompt demonstrated relatively better performance in
rotated views (ROT, 57.81%). These findings indicate that
multi-perspective prompting strategies are complementary
across different image conditions.

To exploit their complementary strengths, we employ
an ensemble method that consolidates the outputs of vari-
ous prompts and models. The ensemble of three prompts
using the Qwen2.5-VL-7B model achieved an accuracy of
66.85%. Furthermore, the complete ensemble combining
Qwen2.5-VL-7B and InternVL3-8B yielded the highest ac-
curacy of 67.65% with an improvement of approximately
4.2% over the best performing single model. The ensem-
ble outperformed individual models in the final score, high-
lighting its robustness for real-world tasks such as VizWiz.

4. Conclusion
We propose a multi-perspective prompting framework for
zero-shot image classification, addressing challenges in the
VizWiz-Classification dataset. The combination of object-
aware, intent-aware, and reason-aware prompts improves
the robustness and generalizability of method. Results
show that the multi-perspective approach provides comple-
mentary contributions, and their ensemble enhances perfor-
mance. Future work includes incorporating diverse LVLMs
to expand model-level perspectives.
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