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Abstract
Visual QuestionAnswering (VQA) is a representative vision-language
task that integrates images and questions to generate answers. With
the increasing importance of interpretable AI, there has been grow-
ing attention in VQA that generates question relevant rationales
and leverages them to produce more accurate answers. However,
existing approaches remain underexplored in deriving textual ra-
tionales from visual rationales and selectively utilizing relevant
rationales in reasoning. In this work, we propose a selective meta-
reasoner based Training-free VQA named SMR-VQA to improve
interpretable vision-language reasoning. We introduce a selective
meta reasoner that leverages textual rationales derived from visual
rationales. The selective meta reasoner ensures that only relevant
rationales contribute to the reasoning process, addressing the prob-
lem of applying unnecessary rationales during answer derivation.
The SMR-VQA requires no additional training and leverages off-the-
shelf models to automatically generate reasoning paths for images
and questions, which are then used to predict answers effectively.
We conduct extensive experiments using two VQA datasets: VQA-X
and A-OKVQA. Experiments demonstrate that the SMR-VQAmodel
outperforms state-of-the-art models, achieving a 5.7% improvement
in accuracy on VQA-X and an 5.4% improvement in VQA score on
the A-OKVQA dataset.
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1 Introduction
Visual Question Answering (VQA) is a multimodal task requir-
ing models to answer natural language questions about a given
image [9, 12]. The goal of VQA is to assess visual understanding
and evaluate the integration of visual and linguistic reasoning [28].
Due to its comprehensive nature, VQA has been widely adopted
as a benchmark for measuring progress in vision-language under-
standing. The field of interpretable artificial intelligence (AI) has
grained significant attention, and this trend has extended to VQA
[29]. Recent works have incorporated explainable AI (XAI) tech-
niques and chain-of-thought (CoT) reasoning into VQA to enhance
transparency and trustworthiness [14, 15]. This approach aims to
make the underlying decision-making process more interpretable
by providing a human-understandable rationale alongside the an-
swers [3, 5].

Despite these advancements, current research on interpretable
VQA still faces important limitations, which can be summarized
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into two main issues. First, existing methods often generate textual
rationales [8, 21] that rely on incomplete or even incorrect infor-
mation generated from the image, the question, or the reasoning
process. This can be lead to explanations that appear plausible but
fail to reflect relevant evidence. Second, prior works have explored
different approaches, ranging from the use of a single reasoning
path to the aggregation of multiple reasoning paths [15, 17]. How-
ever, existing approaches fall short in selectively reflecting the most
relevant and reliable reasoning. The resulting explanations often
contain redundant or misleading information, which compromises
the reliability of the final answer.

To address these limitations, we propose a novel SelectiveMeta-
Reasoner based Training-free VQA (SMR-VQA) method that
introduces a reliable reasoning process for generating answers
without requiring additional training. Our method incorporates
visual rationales that highlight regions in the image relevant to the
given question. The integration of such visual rationales allows
the textual reasoning process to be guided toward producing infor-
mation more closely aligned with the question. Furthermore, our
method selectively identifies and uses the reliable reasoning paths
instead of relying on all reasoning paths equally. This selective
meta-reasoning generation enables the model to construct faithful
and trustworthy rationales, which in turn support the derivation of
more accurate final answers. We conduct experiments on two VQA
benchmarks, VQA-X and A-OKVQA, to evaluate answer genera-
tion. The experimental results show that the proposed SMR-VQA
improves accuracy on VQA-X from 80.5 to 85.1 and increases the
VQA score on A-OKVQA from 53.4 to 56.3, demonstrating the ef-
fectiveness of the proposed approach. These findings highlight that
our method can perform selective reasoning over visual and textual
rationales to generate more accurate answers.

2 Methodology
In this section, we present a novel selective meta-reasoner based
Training-free VQA framework named SMR-VQA for interpretable
vision-language reasoning. As shown in Fig. 1, SMR-VQA identifies
visual rationales in an image relevant to a question and generates
corresponding textual and global rationales. It then automatically
selects the most relevant rationales based on the threshold criteria
and integrates them to generate the final answer.

2.1 Visual and Textual Rationale Generation
In this phase, we first generate visual rationales by applyingGrounding-
DINO [19] to localize object-level bounding boxes corresponding to
the question in the image. The visual rationales 𝑣𝑖 ∈ {𝑣1, 𝑣2, · · · , 𝑣5}
use the top five bounding boxes ranked by confidence score for
question-based object localization, instead of a single bounding box
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Figure 1: The proposed SMR-VQA model architecture.

to mitigate inaccurate outputs. Bounding boxes from each visual ra-
tionale serve as visual prompts over the original image, enabling the
ViP-LLaVA [1] model to generate region-focused textual rationales
𝑡𝑖 ∈ {𝑡1, 𝑡2, · · · , 𝑡5} from the image and the visual prompts (e.g., red
bounding box). We adopt ViP-LLaVA for this capability of gener-
ating fine-grained, region-aware textual descriptions. Specifically,
we instruct the ViP-LLaVA model with a text prompt “Question:
{question}. Based on the question, describe only the relevant content
in the red box. Do not mention bounding boxes, highlights, or rect-
angles.”. Each visual rationale produces a corresponding textual
rationale, resulting in a set of textual rationales that align with the
input visual rationales. We also generate a global textual rationale
𝑡𝑔 for the entire image to capture information that can be missed
when focusing solely on specific regions.

2.2 Selective Meta-Reasoner
In this reasoning step, we introduce a selective meta-reasoner,
which automatically selects the rationales needed in the reasoning
process among the textual rationale candidates and constructs a
reasoning path. The selective meta-reasoner uses a VQAScore [18]
to compute an alignment score 𝑠𝑖 = {𝑠1, 𝑠2, · · · , 𝑠𝑔}, which measures
the probability of each candidate rationale representing the image,
and selects the relevant rationales.

𝑠𝑖 = 𝑃 (“yes”|𝐼 ,𝑄 (𝑡𝑖 )), 𝑖 ∈ {1, 2, 3, 4, 5, 𝑔}, (1)
where question prompt 𝑄 (𝑡𝑖 ) is “Dose this figure show 𝑡𝑖?”. We

calculate an image-text alignment score using the given image
and textual rationale candidates 𝑡𝑖 and global rationale 𝑡𝑔 . The
selective criteria are set heuristically through experiments. We use
rationales with alignment scores greater than 0.6 to guide reasoning.

The selective usage of image-related rationales aims to prevent the
reasoning process from using irrelevant information.

2.3 Answer Generation
In answer generation, textual rationales related to the image ob-
tained through the selective meta-reasoner are used to infer the
final answer. Our proposed SMR-VQA constructs reasoning paths
automatically through a selective meta-reasoner. We use a frozen
Llama3-Instruct (8B) model [7] as the large language model (LLM)
for reasoning to generate answers based on the selective rationales.
We utilize the Llama3-Instruct model due to its strong instruction-
following ability, which leads to improved natural language under-
standing and generation. We apply a text prompt to generate the
final answer as shown in Table 1.

Table 1: Prompt input example of answer generation.

Prompt

Instruction: Answer the following question
using the provided text.
Answer Format:
- Respond with a single short answer without
using ‘a’ or ‘an’. Answer in a single short word.
Do not provide any explanation or reasoning.
- Pay attention to spacing.
Provided text: {rationale}
Question: {question}
Answer:

3 Experiments
3.1 Experimental Setting
3.1.1 Datasets. We evaluate the performance of our proposed
SMR-VQA against other baseline models on two VQA benchmarks:
VQA-X [20] and A-OKVQA [23]. VQA-X provides human-annotated
textual explanations along with question-answer pairs, enabling
evaluation of both answer prediction and rationale generation. A-
OKVQA is a crowdsourced dataset that requires commonsense and
world knowledge for reasoning and answering questions. In this
work, we focus on VQA answer prediction by leveraging selective
rationales into the reasoning process using the proposed method.

3.1.2 Baselines. For the VQA-X dataset, we compare the proposed
SMR-VQAwith six baselines, including VQA-E [16], PJ-X [20], e-UG
[11], DMRFNet [31], VCIN [27], andMRVQA-C [14]. The evaluation
of predicted answers uses accuracy as a metric. We use seven base-
lines on A-OKVQA, including PICa [30], Img2LLM [10], LAMOC
[6], L2A [26], VCTP [2], DIETCOKE [15], and Brote-IM-XL [25], to
evaluate VQA performance. We compare our method with several
baselines using VQA score: min( #human that provided that answer

3 , 1).

3.2 Experimental Results
3.2.1 Main Results. Table 2 presents the results of our method com-
pared to various baselines on the VQA-X dataset. The previous state-
of-the-art [13] achieved 80.5 accuracy, while our approach improves
the performance to 85.1, demonstrating a significant gain over ex-
isting methods. Table 3 shows the results on A-OKVQA dataset,
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Table 2: Comparison results on VQA-X with state-of-the-art
models. Value in bold indicates the best performance, and
the second best result is underlined.

Baselines Any Training ? Overall Accuracy (↑)
VQA-E [16] ✓ 70.2
PJ-X [20] ✓ 76.4
e-UG [11] ✓ 80.5

DMRFNet [31] ✓ 72.6
VCIN [27] ✓ 77.7

MRVQA-C [14] ✓ 78.8
SMR-VQA (ours) ✗ 85.1

Table 3: Comparison results on A-OKVQA with state-of-the-
art models. Value in bold indicates the best performance, and
the second best result is underlined.

Baselines Any Training ? VQA Score (↑)
PICa [30] ✗ 42.4

Img2LLM [10] ✗ 42.9
LAMOC [6] ✓ 37.9
L2A [26] ✓ 48.5
VCTP [2] ✗ 53.2

DIETCOKE [15] ✗ 47.5
Brote-IM-XL [25] ✓ 53.4
SMR-VQA (ours) ✗ 56.3

evaluated using the VQA score. The previous baseline achieved a
score of 53.4, whereas our approach improves the performance to
56.3, representing a relative increase of approximately 5.4%. These
results demonstrate a significant improvement over existing meth-
ods in zero-shot VQA evaluation. The significant performance im-
provements observed across both benchmarks demonstrate that
the proposed SMR-VQA method effectively performs reasoning in
VQA to generate more accurate answers.

Table 4: Performance comparison of selective criteria using
alignment scores: Top-K and Threshold value selection.

Dataset Selective Criteria Value Score (↑)

VQA-X

Top-K
K=1 83.0
K=2 84.4
K=3 84.7

Threshold
0.6 85.1
0.7 84.6
0.8 84.6

A-OKVQA

Top-K
K=1 54.1
K=2 55.8
K=3 57.4

Threshold
0.6 56.3
0.7 56.3
0.8 56.1

Figure 2: Effect of using selective meta-reasoner to construct
reasoning paths for answer generation.

3.2.2 Ablation study. In Table 4, we conduct the ablation study to
evaluate the criteria for selecting rationales. We compared the top-k
selection method with a threshold-based approach, which does not
predefine the number of rationales. The results demonstrate that
using the threshold of 0.6 during the reasoning process yields the
best performance. These results demonstrate that textual rationales,
derived from image regions relevant to the question, contribute to
explaining the content of the image. By selectively incorporating
the necessary information during reasoning, the quality of inference
improves, leading to more accurate answer generation.

Table 5: Comparison of performance across two visual
prompt based models in generating visual rationales.

Dataset Visual Rationale Score (↑)

VQA-X ViP-LLaVA [1] 85.1
Qwen-2.5-VL [22] 83.8

A-OKVQA ViP-LLaVA [1] 56.3
Qwen-2.5-VL [22] 56.1

Table 5 shows the performance comparison of models used for
generating textual rationales with visual prompts. For visual prompt
based text generation model, ViP-LLaVA model shows relative im-
provements over Qwen-2.5-VL [22] of approximately 1.6% on the
VQA-X, and also exhibits performance gains on the A-OKVQA.
These results highlight the difference in generating information
from image regions relevant to the question by leveraging visual
prompts. Table 6 demonstrates that the Llama3-Instruct model
yields superior reasoning ability in answer generation compared to
using either the Llama2-Chat [24] or Vicuna-1.5 [4] models.
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Figure 3: Examples of the VQA-X and A-OKVQA using SMR-VQA, which generates answers based on textual rationales derived
from visual rationales.

Table 6: Performance comparison of LLM used in answer
generation.

Dataset LLM Score (↑)

VQA-X
Llama3-Instruct [7] 85.1
Llama2-Chat [24] 74.8
Vicuna-1.5 [4] 81.7

A-OKVQA
Llama3-Instruct [7] 56.3
Llama2-Chat [24] 54.0
Vicuna-1.5 [4] 43.5

3.2.3 Qualitative Analysis. Fig. 2 shows a qualitative evaluation
of the proposed selective meta-reasoner. As illustrated in the ex-
amples, relying on incorrect evidence often introduces irrelevant
information, leading to performance degradation. In contrast, our
method uses a selective meta-reasoner to effectively select the
rationales directly relevant to the given question during the rea-
soning. These findings demonstrate that selective meta-reasoner
improves the precision of rationale selection and enhances the over-
all reliability of reasoning. Fig. 3 shows examples of VQA-X and
A-OKVQA using SMR-VQA. The examples demonstrate that gener-
ating question-related textual rationales through visual rationales
enhances reasoning.

4 Discussion
In this work, we proposed SMR-VQA, which automatically selects
image relevant rationales for generating an answer. Across two
benchmarks, SMR-VQA consistently outperformed previous state-
of-the-art, incorporating visual and textual rationales. Nevertheless,

the current rationale generation strategy can exhibit biases across
certain object categories or question types, potentially affecting
fairness in human-centered AI applications. We plan to evaluate se-
lective rationales with broader benchmarks and employ uncertainty-
aware rationale selection. In addition, future studies will extend
answer generation beyond single-word outputs by extending di-
verse or free-form prompting and conducting human-in-the-loop
evaluations to assess clarity, completeness, and user trust.

5 Conclusion
In this study, we propose a novel SMR-VQA method and intro-
duce a selective meta-reasoner that automatically generates the
reasoning process required to answer image-based questions. We
leverage visual rationales as visual prompts to generate textual
rationales, enabling the generation of evidence from image regions
relevant to the question. The proposed method evaluates VQA an-
swer prediction performance on two benchmarks. Experimental
results demonstrate that our approach selectively and generates the
reasoning necessary for answering, achieving superior performance
compared to existing methods.
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