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Abstract

� GC-KBVQA achieves state-of-the-art KB-VQA performance 
without fine-tuning or external retrieval by crafting 
question-aligned descriptive information..

� Question-guided grounding, semantic filtering, and inter-stage 
feedback significantly suppress noisy and hallucinated auxiliary 
text.

� Robust performance is maintained across LLMs from 1B–8B 
parameters, demonstrating model-agnostic scalability.

� Gains stem from pipeline design rather than parameter count, 
highlighting a practical direction for reliable zero-shot KB-VQA.

Knowledge-based visual question answering (KB-VQA) requires 
integrating visual perception with external knowledge to answer 
questions that go beyond what is directly observable in an image. While 
recent zero-shot approaches leverage LLMs as implicit knowledge 
sources, their performance is often limited by imprecise visual 
grounding, noisy or redundant auxiliary descriptions, and hallucinated 
content that distracts the reasoning process.

We propose GC-KBVQA, a modular, training-free, zero-shot framework 
designed to craft faithful, question-relevant descriptive information that 
effectively guides LLM-based reasoning. Our approach combines 
keyword-guided visual grounding to localize question-relevant regions, 
dual caption generation to capture complementary visual semantics, and 
semantic filtering with inter-stage feedback to progressively refine 
auxiliary text while suppressing irrelevant or hallucinated descriptions. 

Despite its lightweight design and complete absence of task-specific 
training or in-context examples, GC-KBVQA achieves state-of-the-art 
zero-shot performance, outperforming strong baselines by up to 
+10.97% on OK-VQA, A-OKVQA, and VQAv2. The framework is 
model-agnostic and scalable, maintaining robust performance across 
LLMs ranging from TinyLLaMA-1B to LLaMA-3-8B with minimal 
degradation. Extensive ablation studies further demonstrate that 
grounding accuracy, 

GC-KBVQA is a training-free, zero-shot framework for knowledge-based 
visual question answering. Instead of relying on external knowledge 
retrieval or fine-tuning, the method focuses on crafting reliable, 
question-aligned descriptive information to guide LLMs. The framework 
operates in four lightweight stages, each designed to reduce noise, 
improve grounding, and suppress hallucination.
1) Keyword-Guided Visual Grounding: Key concepts are extracted 

from the question to guide visual grounding, localizing 
question-relevant image regions. Counting questions are handled via 
direct object counting to reduce unnecessary reasoning.

2) Dual Caption Generation with Semantic Filtering: Two 
complementary vision–language models generate diverse captions 
for grounded regions. Captions are ranked by semantic relevance to 
the question, retaining only the most informative ones. If too few 
captions meet the relevance threshold, an inter-stage feedback 
mechanism re-triggers grounding to recover useful visual evidence.

3) Caption-Driven QA Pair Construction: Filtered captions are 
converted into auxiliary QA pairs that provide lightweight reasoning 
guidance, helping the LLM focus on task-relevant inference.

4) Structured Answer Generation: Captions and QA pairs guide 
structured zero-shot answer prediction.

Materials and Evaluation Setup: GC-KBVQA is evaluated in a pure 
zero-shot setting on OK-VQA, A-OKVQA, and VQAv2. All components 
are modular and replaceable, allowing the framework to scale across 
different LLM sizes and architectures. 

Methods and Materials

Conclusions

Discussion
GC-KBVQA achieves state-of-the-art zero-shot performance on 
OK-VQA, A-OKVQA, and VQAv2, outperforming strong baselines by up 
to +10.97% without any task-specific training. The framework remains 
robust across LLM sizes from 1B to 8B parameters and significantly 
reduces hallucinated and irrelevant auxiliary content through semantic 
filtering and feedback. 

Results
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Our results indicate that zero-shot KB-VQA performance is primarily 
constrained by grounding accuracy and auxiliary information quality, 
rather than LLM scale or fine-tuning. GC-KBVQA improves reliability by 
enforcing question-aware visual grounding and progressive filtering of 
descriptive content, which directly reduces hallucination and improves 
reasoning fidelity. The consistent performance across LLM sizes shows 
that structured, image-grounded prompts can effectively substitute for 
task-specific supervision. Moreover, the modular design isolates 
performance gains to pipeline components rather than parameter count, 
suggesting a scalable and extensible direction for zero-shot KB-VQA.


