
Findings of the Association for Computational Linguistics: EACL 2026, pages 6529–6544
March 24-29, 2026 ©2026 Association for Computational Linguistics

Visual–Linguistic Abductive Reasoning with LLMs for
Knowledge-based Visual Question Answering

Jieun Kim1 Yujin Jeong2 Sung-Bae Cho2

1Dept. of Artificial Intelligence and 2Dept. of Computer Science, Yonsei University
{lilly9928,yujinj00,sbcho}@yonsei.ac.kr

Abstract

Recent attempts to leverage large language
models (LLMs) for reasoning and pre-trained
knowledge in multi-modal reasoning focus on
two main approaches: aligning image features
with linguistic space, and converting images
into textual cues to exploit the implicit reason-
ing capabilities of LLMs. Although they in-
tegrate visual information into the reasoning
pipeline, they often treat visual perception and
language reasoning as separate processes, lim-
iting the potential for fully unified multi-modal
reasoning. In this paper, we propose a novel
method, Visual–Linguistic Abductive Reason-
ing (ViLA), inspired by human abductive rea-
soning processes. ViLA hypothesizes a plausi-
ble answer, generates the corresponding visual
and textual premises, and employs fuzzy scor-
ing to select the most coherent combination,
thus deriving the final inference. This process
integrates visual and linguistic modalities into
interpretable abductive reasoning chains, en-
abling unified multi-modal reasoning. Without
fine-tuning LLMs or retrieving external knowl-
edge, ViLA improves performance by 2.31%
on AOKVQA, 1.7% on OKVQA, and 1.7%
on GQA over previous state-of-the-art models,
while also improving interpretability and stabil-
ity.

1 Introduction

When humans solve complex visual problems, they
often rely on abductive reasoning (Peirce, 1936)
to infer the most plausible explanation from in-
complete or uncertain observations. For example,
when we encounter an image-related question as
shown in Figure 1, we typically perform the follow-
ing steps to solve the problem. First, we examine
the image and notice that a person is wearing ski
equipment, leading us to hypothesize that the sport
is skiing. Second, we generate possible answer
candidates, such as snow and ski, that could plausi-
bly explain both the visual scene and the question.

Q. What is required to be on the 

ground to do this sport?

Skis are necessary for skiing.

Snow is the primary surface for 

skiing.

STEP2. Hypothesis

Skis

(b) Direct

To participate in skiing… in 

a suitable environment:

(a) Chain-of-Thought

Skis

1. Skis: The skis are the 

primary equipment … skier.

Snow

STEP4. Final Answer

7. Suitable environment: 

Skiing typically takes …  

skill levels.

STEP1. Answers Candidates 

(c) Abductive Chain

…

Snow

…
2. Ski boots: These are  … 

legs to the skis.
Requires snowy terrain.

To participate …one needs 

… suitable environment

⋀ ⋀ ... ⊨
0.5 + 0.7 + … =  3.7

⋀ ⋀ ... ⊨
0.1 + 0.3 + …  = 2.1

STEP3. Reasoning

Figure 1: An example to introduce our motivation. Un-
like (a) chain-of-thought or (b) direct prediction, (c) ab-
ductive reasoning integrates visual cues and contextual
knowledge to generate and evaluate plausible hypothe-
ses, leading to more accurate integrated visual–textual
reasoning.

Third, we combine these candidates with contex-
tual knowledge to assess which explanation best
fits the evidence. Fourth, we select the candidate
with the highest plausibility, resulting in the final
answer. This reflects how humans perform visual
abductive reasoning by generating hypotheses from
visual cues, justifying them with contextual knowl-
edge, and selecting the best explanation under un-
certainty.

Recent advances in large language models
(LLMs) have demonstrated that chain-of-thought
(CoT) prompting enables step-by-step reasoning
that approximates human cognitive processes (Wei
et al., 2022). Extending such reasoning to multi-
modal scenarios requires models to integrate infor-
mation from both visual and textual modalities in
a unified manner. To employ the reasoning capa-
bilities of LLMs for multi-modal tasks, two pri-
mary approaches have been proposed: Aligning
visual features with linguistic representations to
enable joint reasoning across modalities (Liu et al.,
2023; Li et al., 2023; Ye et al., 2024; Lin et al.,
2024), and converting visual information into tex-
tual descriptions to facilitate in-context learning
within language models (Cho et al., 2021; Yang
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et al., 2022; Chen et al., 2024b). Although these
approaches have proven effective in handling vi-
sual–textual input, visual reasoning often involves
incomplete or uncertain observations, making it
difficult to manage the inherent uncertainty in such
scenarios. Furthermore, achieving seamless inte-
gration of reasoning across text, images and im-
plicit knowledge remains challenging, often result-
ing in missing question intent, under-utilization of
relevance knowledge, or omission of critical visual
information (see Figure 1 (a),(b)).

To address these challenges, we propose Vi-
sual–Linguistic Abductive Reasoning (ViLA), a
method inspired by human abductive reasoning,
which models hypothesis generation and evalua-
tion across modalities rather than performing for-
mal logical abduction. ViLA first hypothesizes
plausible answers using visual cues and contextual
information, then constructs supporting and com-
peting premises from both modalities to ground
these hypotheses, and finally applies abductive rea-
soning with fuzzy plausibility scoring to handle
uncertainty and select the most coherent interpreta-
tion of the visual–linguistic input.

ViLA enhances interpretability by explicitly ap-
proximating the abductive reasoning process, en-
ables integrated multi-modal reasoning, and im-
proves robustness via fuzzy logic-based evaluation
of competing hypotheses. In summary, this paper
makes the following contributions.

• Novelty: We introduce ViLA, a novel method
for human-like visual abductive reasoning that
generates and evaluates hypotheses under un-
certainty.

• Integrated multi-modal reasoning: ViLA
connects visual perception and language rea-
soning through logical rule representations
and abductive inference.

• Efficient computation: It preserves modality-
specific information without full-text conver-
sion and leverages VLM and LLM comple-
mentarily, ensuring efficiency without addi-
tional training or performance loss.

2 Related Works

In this section, we explore the relevant work in
three key areas: abductive reasoning, reasoning in
a visual language model (VLM), and knowledge-
based visual question answering (VQA).

2.1 Abductive Reasoning

Abductive reasoning, introduced by Peirce as infer-
ence to the best explanation, is fundamental to nar-
rative comprehension and causal inference. In NLP,
(Hobbs et al., 1993) formalized language under-
standing as weighted abduction, while (Zhao et al.,
2023) introduced the first commonsense-driven
benchmark. Subsequent work explored counterfac-
tual reasoning (Qin et al., 2020; Rudinger et al.,
2020), missing fact generation (Tafjord et al.,
2021), annotation-free learning, and knowledge
graph correction (Bai et al., 2024). In contrast,
multimodal abductive reasoning is less explored:
Early studies proposed visual benchmarks (Hessel
et al., 2022; Liang et al., 2022), with recent exten-
sions to atypical events (Chinchure et al., 2025)
and image entailment (Ventura et al., 2025).

2.2 Reasoning in Vision-Language Models

Large pre-trained models have enabled multimodal
reasoning (Lu et al., 2019; Tan and Bansal, 2019;
Marino et al., 2021; Wu et al., 2022; Kim et al.,
2025). Recent work extends chain-of-thought rea-
soning to multimodal contexts (Zhang et al., 2023),
either by aligning image and language spaces (Liu
et al., 2023; Li et al., 2023; Ye et al., 2024; Lin et al.,
2024; Alayrac et al., 2022) or converting images
into text for direct LLM input (Yang et al., 2022;
Hu et al., 2023; Shao et al., 2023). However, these
approaches face challenges such as catastrophic
forgetting, hallucination, and loss of dense visual
information (Zheng et al., 2023; Chung and Yu,
2023; Chen et al., 2020), which limits their ability
to support interactive reasoning.

2.3 Knowledge-based Visual Question
Answering

Knowledge-based VQA (Marino et al., 2019;
Schwenk et al., 2022) requires combining image un-
derstanding with external knowledge. Early meth-
ods retrieved from structured knowledge bases,
while recent approaches leverage the implicit
knowledge of LLMs to improve performance (Yang
et al., 2022; Lin et al., 2022; Shao et al., 2023; Chen
et al., 2024b). In this paper, we build on this line of
research and propose a model that integrates multi-
ple modalities to facilitate interactive reasoning. To
validate our method, we focus on the knowledge-
based VQA problem.

6530



Visual

Language 

Model

Large 

Language 

Model

…

Which part of 

this animal 

would be in use 

of  it was 

playing the 

game that is 

played with the 

items the man is 

holding?

Visual Language Model Mouth

��

��

0.5

0.7

0.5

0.7
0.68

0.9

����

����

Answer Candidates (��)

Visual Hypothesis (��
	)

Linguistic Hypothesis (��

 )

Abductive Chain Construction

:

Choose the most appropriate score 

to indicate whether the provided 

information is 

{reasonable / related to question}.

(a) 0.1 (b) 0.5 (c) 0.7 (d) 0.9 (e) 0.95 

(f)unknown

Fuzzy Scoring：

�  
	VLM Score: 0.7

LLM Score: 0.5 �  



Final 

Score

0.68

Abductive Reasoning

Tail

Mouth

The dog's mouth is open, 

indicating it is ready to catch a frisbee.

Final hypotheses

Figure 2: Overview of the proposed method. Given an image–question pair, the model performs abductive reasoning
by hypothesizing plausible answers, generating visual and linguistic premises, and selecting the most coherent
explanation through fuzzy scoring for unified multi-modal reasoning.

3 The Proposed Method

ViLA approximates human abductive reasoning by
modeling how plausible explanations are generated
and evaluated across modalities. As illustrated in
Figure 2 and Algorithm 1, the system first gen-
erates candidate answers and their corresponding
visual premises using a VLM, then refines the lin-
guistic premises through an LLM. Each premise is
independently evaluated via fuzzy scoring within
the two models, and their scores are integrated to
estimate overall validity. Premises exceeding a pre-
defined threshold are retained as final hypotheses
to derive the conclusion. Detailed procedures for
each step are described in the following sections.

3.1 Task Formulation

This paper aims to evaluate a model that ap-
proximates human reasoning behavior by solving
a knowledge-based Visual Question Answering
(VQA) task requiring multimodal reasoning across
visual and textual information. Conventional Vi-
sion–Language Models (VLMs), as formulated in
Equation (1), address this task by directly predict-
ing the answer Y given a question XQ and an im-
age XV :

Ŷ ∼ Pθ(· | XQ, XV ) (1)

Although this formulation focuses on maximizing
the accuracy of the answer, it provides limited in-
terpretability of the reasoning process behind the
prediction.

In contrast, we redefine the task to explicitly in-
corporate reasoning evidence into the prediction
process. Specifically, the model infers the final
answer based not only on the question and image

but also on the derived reasoning premises Hfinal,
which serve as structured justifications for the an-
swer:

Y ∼ Pθ(· | XQ, XV , Hfinal) (2)

This reformulation shifts the goal from merely gen-
erating answers to reasoning-based prediction, al-
lowing explicit evaluation of the model’s inferen-
tial behavior. The detailed procedure for generating
and evaluating Hfinal is described in the following
sections.

3.2 Abductive Chain Construction

We employ B-graphs (Gallo et al., 1993; Wu et al.,
2024) to construct abductive chains. A B-graph is
a directed hypergraph composed of B-arcs, each
connecting multiple premises to a single conclu-
sion. Formally, it is defined as (S,R), where S is a
set of symbols and R a set of rules r = (P, c) with
premises P ⊆ S and conclusion c ∈ S, expressed
as r :=

∧
p∈P |= c. In our method, B-graphs serve

as the structural backbone for entailment-based
chain generation. The premise–conclusion pairs
(P, c) are generated by entailment-aware prompt-
ing, allowing the abductive chain to expand dynam-
ically within this formal representation.

3.2.1 Answer Candidate Generation
The process of generating conclusions in ViLA
follows the general methodology of conventional
VQA, where a VLM predicts answers based on
the provided image and question. Unlike standard
approaches, however, ViLA does not treat the gen-
erated answer as the final answer. Instead, it uses
them as a set of preliminary answer candidates. To
examine whether the VLM beam output contains
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Algorithm 1 Pipeline of the proposed ViLA
Input: Image and Question {I,Q}
Output: Answer Ŷ

1: Pv, Pl, Pfinal ← ∅
2: n← #premises
3: Ck ← ConclusionGenerator(I,Q)
4: i← 0
5: # Logic Rule Generation
6: while i < n do
7: vi ← V LMPremises(I,Q,Ck)
8: li ← LLMPremises(Q,Ck)
9: Pv ← Pv ∪ {vi}

10: Pl ← Pl ∪ {li}
11: i← i+ 1
12: end while
13: P ← Pv ∪ Pl

14: PremiseLength← len(P )
15: j ← 0
16: # Logical Reasoning
17: while j < PremiseLength do
18: µR(Pj)← f(I;Pj)
19: µA(Pj)← f(Q;Pj)
20: µV (Pj)← fCon(µR(Pj), µA(Pj))
21: if µF (Pj) ≥ t then
22: Pfinal ← Pfinal ∪ {Pj}
23: end if
24: j ← j + 1
25: end while
26: Ŷ ← V LMPredict(I,Q, Pfinal)

27: return Ŷ

the correct answer, we performed experiments us-
ing ten beams. Figure 3 illustrates both the overall
accuracy in varying beam sizes and the proportion
of correct answers captured within each beam. The
results reveal that, while the correct answer fre-
quently appears in the beam candidates, it is often
discarded during the final selection stage, hindering
the accurate answer. To address this issue, ViLA di-
rectly selects answer candidates from the beam out-
put, ensuring that potentially correct answers are
retained for subsequent abductive reasoning. The
specific generation method is presented in Equa-
tion (3). The set O of candidate answers comprises
k answers o, which are selected by applying beam
search to the VLM model in order to identify the
top k most probable answers.

Ok = argmaxO⊆Y,|O|=k

N∏

i=1

Pθ(Yi | XQ, XV )

(3)
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Figure 3: Top-k accuracy and Hit@k for different beam
sizes. The table evaluates answer coverage and ranking
behavior under varying beam sizes.

3.2.2 Premise Construction
The premise generation process is carried out based
on the generated candidate answers, using both
VLM and LLM. Initially, the VLM uses the given
image XV and the generated candidate answers
ok to extract evidence from the image that could
substantiate the answer, with this evidence serving
as the premise Ho

i .

Hv = PV LM (hvi |XV , ok) (4)

Subsequently, the LLM generates textual premises
pti related to the given answer ok, leveraging its ex-
plicit knowledge to produce relevant justifications.

H l = PLLM (hli|XQ, ok) (5)

The premises generated by the VLM and LLM are
then combined to form the final set of premises H ,
which is used to fuzzy-score the final premises.

hv, hl ∈ H (6)

Through this premise generation process, we aim
to explicitly harness the inherent reasoning capabil-
ities of the model and make the reasoning process
transparent by grounding it in logical rules.

3.3 Fuzzy Scoring for Abductive Reasoning
In the process of abductive reasoning, fuzzy scor-
ing is applied to evaluate the plausibility of the
generated premises. The fuzzy sets used in this
process consist of three components: (1) adequacy,
which represents the correspondence between the
image and the premise; (2) relevance, which rep-
resents the correspondence between the question
and the premise; and (3) validity, which integrates
adequacy and relevance to represent the overall
soundness of the hypothesis. These are defined as
follows:

µR(H), µA(H) ∈ {0.1, 0.5, 0.7, 0.9, 0.95},
µV(H) ∈ [0, 1].
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The discrete membership values correspond to lin-
guistic levels of fuzzy confidence: very low (0.1),
low (0.5), medium (0.7), high (0.9), and very high
(0.95). Here, the intermediate value 0.5 is assigned
to the ’low’ level rather than ’medium’ to reflect
a conservative interpretation of the responses of
uncertain models. Empirically, both VLMs and
LLMs tend to produce moderate confidence values
even when the entailment is weak; thus, mapping
0.5 to ’low’ helps prevent overestimation and yields
more stable fuzzy reasoning.

In ViLA, membership degrees are computed us-
ing both a vision–language model (VLM) and a
language model (LLM) as follows:

µA(H) = fvlm(XV , H),

µR(H) = fllm(XQ, H).
(7)

The degree of membership is obtained through a
prompt-based scoring process defined as:

Fuzzy Scoring

"Choose the most appropriate score to indicate
whether the information provided is {variable}.
Return only the letter corresponding to your
choice from the options below:
(a) 0.1 (b) 0.5 (c) 0.7 (d) 0.9 (e) 0.95 (f) un-
known"

Here, the variable depends on the model: for
VLM, it is ’reasonable to the image,’ and for the
LLM, it is ’relevant to the question.’ To estimate a
unified membership value from two fuzzy sets, a
convex combination is used, a common method in
fuzzy reasoning for aggregating multiple degrees
of membership into a single representative value.
Consequently, the fuzzy set validity integrates ade-
quacy and relevance as follows:

µV(H) = wv·µA(H)+wl·µR(H), wv+wl = 1,
(8)

where wv and wl represent the relative weights
assigned to adequacy and relevance, respectively.
This formulation enables the validity score to cap-
ture the combined effect of visual and linguistic
consistency while preserving the normalized range
of fuzzy membership values.

Finally, hypothesis H is accepted as the final
premise Hfinal if its validity exceeds a threshold t:

Hfinal =

{
P, µV (H) ≥ t,

¬P, otherwise.
(9)

4 Experiments

4.1 Implementation Details

The proposed method utilizes off-the-shelf VLM
and LLM models, incorporating in-context learn-
ing techniques. For the experimental setup, unless
otherwise specified, all results employ the LLaVA-
NeXT (Mistral7B) model as the VLM and the Mis-
tral7B model as the LLM. In all tables and figures,
7B refers to Mistral7B, 13B refers to LLaVA-NeXT
(13B), and GPT4 refers to gpt4o-mini. To enhance
object recognition within images, a pre-trained fast
R-CNN model is utilized during the initial phase
of object extraction. The number of premises and
conclusions generated by ViLA is treated as a hy-
perparameter, both set to 2 for the experiments, and
the threshold for selecting the final premise is set
to 0.7. For wv and wl is set to 0.9 and 0.1. Fur-
thermore, to facilitate step-by-step reasoning, the
widely adopted CoT method is applied to both the
base model, LLaVA, and the proposed ViLA for
evaluation. All experiments were conducted on a
cluster of five NVIDIA A100.

4.1.1 Baselines

We compare ViLA with representative vision-
language models and reasoning-based methods:
Visual Language Models: BLIP2, InstructBLIP,
and LLaVA-NeXT are baseline models that align
visual features with LLMs for visual question an-
swering.
Chain-of-Thought (CoT) applies a reasoning
strategy where image information extracted from
each baseline is converted into text and processed
through an LLM using CoT prompting for fair com-
parison.
SoTA Methods: ViperGPT, VisProg, and VCTP
are state-of-the-art methods that perform interac-
tive inference by combining VLMs and LLMs.

4.1.2 Datasets and Evaluation Metrics

We evaluate ViLA on three VQA benchmarks that
require external knowledge and complex reasoning,
following the evaluation protocol for each dataset.
Datasets dependent on explicit knowledge graphs
are excluded, as ViLA focuses on interactive rea-
soning using commonsense knowledge combined
with visual and linguistic modalities.
OKVQA (Marino et al., 2019) is a widely used
knowledge-based VQA dataset containing 14,055
image-text pairs. The questions require reasoning
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Methods OK-VQA A-OKVQA
Direct Answering
MAVEx (Wu et al., 2022) 41.37 -
UnifER (Guo et al., 2022) 42.13 -
ViLBERT (Lu et al., 2019) 35.20 30.60
LXMERT (Tan and Bansal, 2019) 36.91 30.70
KRISP (Marino et al., 2021) 38.40 33.70
PICa (Yang et al., 2022) 48.00 43.37
Prophet (Shao et al., 2023) 61.10 58.20
LION (Chen et al., 2024a) 57.33 60.87
QACap (Yang et al., 2025) 68.20 66.30
Structured Reasoning
ViperGPT (Surís et al., 2023) 51.90 39.50
VisProg* (Gupta and Kembhavi, 2023) 41.84 52.12
VCTP (Chen et al., 2024b) 56.20 53.20
Base VLMs
BLIP2 (Li et al., 2023) 32.32 38.94
InstructBLIP (Dai et al., 2023) 61.16 62.23
LLaVA-NeXT (Liu et al., 2023) 55.61 66.48

+ CoT (7B) 13.34 34.10
+ CoT (GPT-4) 30.56 52.71

Base VLMs + ViLA
BLIP2 + ViLA (7B) 34.05 39.37
InstructBLIP + ViLA (7B) 61.51 62.31
LLaVA-NeXT + ViLA (7B) 57.92 68.18
LLaVA-NeXT-13B + ViLA (GPT-4) 68.91 69.98

Table 1: Comparison of accuracy (%) on OK-VQA and
A-OKVQA datasets.

Methods Knowledge Sources GQA

LXMERT LXMERT 60.0
BLIP2 Vicuna-13B 41
InstructionBLIP Vicuna-7B 49.2
InstructionBLIP Vicuna-13B 49.5
ViperGPT GPT-3 48.1
VisProg CLIP, GPT-3 50.5

LLaVA-NeXT Mistral-7B 58.74
+ CoT Mistral-7B 32.1
+ ViLA Mistral-7B 63.59

Table 2: Comparison of accuracy (%) on GQA dataset.

that combines visual content with external knowl-
edge such as common sense.
A-OKVQA (Schwenk et al., 2022) is the largest
knowledge-based VQA dataset, providing ques-
tions paired with rationales. It emphasizes complex
reasoning grounded in both visual understanding
and external knowledge.
GQA (Hudson and Manning, 2019) is used to fur-
ther analyze the limitations of ViLA. It categorizes
questions and requires multi-step interactive rea-
soning for accurate predictions.

4.2 Quantitative Results

In Table 1, we compare model performance on the
OK-VQA and A-OKVQA datasets. Using LLaVA-
NeXT as the baseline, ViLA achieves improve-
ments of 2.31% and 1.7%, respectively. As shown

in Figure 3, when evaluating up to beam 2, the ac-
curacy reaches 72%, while the proposed method at-
tains 69.98%, demonstrating effective utilization of
the vision-language model (VLM). By incorporat-
ing an abductive reasoning chain, ViLA enhances
cross-modal interaction beyond conventional in-
context and zero-shot approaches. Compared to
neuro-symbolic methods such as ViperGPT and
VisProg, which depend on explicit program gen-
eration for reasoning, LLaVA-NeXT-ViLA (7B)
achieves gains of +6.02% and +16.08% on OK-
VQA, and +28.68% and +16.06% on A-OKVQA,
respectively. This indicates that abductive reason-
ing grounded in logical rules provides a more effi-
cient mechanism for integrating visual and linguis-
tic evidence than program-based pipelines.

However, converting visual information into
purely textual representations for Chain-of-
Thought (CoT) reasoning—using LLaVA-NeXT
for caption generation and GPT-4 for reason-
ing—leads to significant performance degrada-
tion. As shown in Table 1, LLaVA-NeXT + CoT
(GPT-4) achieves only 30.56% on OK-VQA and
52.71% on A-OKVQA, demonstrating the loss of
visual grounding when multi-modal signals are
collapsed into text. In contrast, ViLA preserves
modality-specific representations and integrates
them through abductive reasoning chains, yielding
consistently higher accuracy and interpretability.

Additional evaluations on the GQA test-dev set
(Table 2) corroborate these findings: ViLA out-
performs the LLaVA-CoT baseline by 4.85% and
surpasses in-context and zero-shot models with-
out task-specific fine-tuning. Overall, representing
each modality as logical premises within an abduc-
tive reasoning chain enhances cross-modal interac-
tion and enables unified, interpretable multi-modal
reasoning.

Figure 4 provides a detailed evaluation of ViLA’s
reasoning behavior. The left graph analyzes the
impact of reasoning depth, showing that perfor-
mance consistently improves over baseline in all
steps. This suggests that ViLA’s abductive rea-
soning chains enable effective multi-step inference
by integrating visual and linguistic premises. The
right graph breaks down performance by question
type. Accuracy gains are observed for both binary
and open-ended queries, indicating that the abduc-
tive reasoning process generalizes across different
task formats. Furthermore, the Distribution met-
ric (Dist) reflects the chi-square statistic between
the predicted and ground-truth answer distributions.
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Figure 4: Accuracy by reasoning steps and question
types. (Left) Effect of reasoning depth. (Right) Perfor-
mance across question types.

Methods LLM Sentence Similarity

CoT Mistral7B 38.7
CoT* Mistral7B 40.9
CoT GPT4o-mini 39.02
ViLA Mistral7B 44.8

Table 3: Rationale performance comparsion of ViLA
and CoT baseline on A-OKVQA validation set.

ViLA achieves a lower chi-square value, suggesting
that its predictions are better aligned with the true
answer distribution, leading to more balanced and
less biased outputs across diverse types of question.

Table 3 presents the results of similarity evalua-
tions on the generated rationales, measured using
CLIP sentence similarity. The average cosine simi-
larity was calculated between the CLIP (ViT-B/16)
text embeddings of the generated and ground-truth
rationales. ViLA shows higher similarity scores
than the CoT results produced by the same LLM
model and models trained on larger datasets such
as GPT-4. The CoT results from the Mistral-7B
model show the lowest similarity to the ground-
truth rationales. In addition, when rationales are
generated first and answers are produced subse-
quently (marked with an asterisk *), the rationale
similarity improves by 2.2% compared to direct
answer generation.

4.3 Qualitative Results
Figure 5 presents a qualitative analysis of ViLA’s
reasoning process compared to baseline models,
including LLaVA and CoT. In this example, wl and
wv are set to 0.1 and 0.9, respectively. For the
question "Where are the cats sitting on top of?,"
ViLA generates multiple candidate premises and
evaluates them using the adequacy fuzzy set Sa

and the relevance fuzzy set Sr. The constructed
premises shown in the figure correspond to those
that are ultimately selected after fuzzy evaluation.

Structural reasoning

Model Cho Comp Log Qry Ver Avg

LLaVA 84.15 67.23 77.93 71.22 81.35 76.38
+ViLA 85.56 68.25 79.87 78.55 83.75 79.20

Table 4: Structural reasoning category evaluation.

Semantic reasoning

Model Attr Cat Glob Obj Rel Avg

LLaVA 68.01 37.95 21.66 84.32 51.53 52.69
+ViLA 71.33 51.72 64.33 86.89 54.97 65.85

Table 5: Semantic reasoning category evaluation.

Among them, one example, “Cats are on key-
board”, reflects both strong semantic alignment
with the question and solid visual grounding. By
selecting the optimal conclusion from these high-
scoring premises, ViLA correctly predicts ’key-
board,’ while both the LLaVA and CoT baselines
incorrectly answer ’desk.’ This highlights ViLA’s
ability to identify and retain only the most valid
premises through abductive reasoning.

Table 4 and 5 present the breakdown of the ac-
curacy in the categories of structural and seman-
tic reasoning. Within the structural dimensions
(Choose, Compare, Logical, Query, and Verify),
ViLA consistently outperforms baseline LLaVA,
with the greatest improvement observed in Query,
indicating stronger performance in extracting rele-
vance information from the visual context. Gains
in Logical and Verify further suggest that ViLA’s
abductive reasoning enhances consistency check-
ing and logical inference across visual-linguistic
premises.

For the semantic categories (Attribute, Category,
Global, Object, and Relation), ViLA achieves sub-
stantial improvements, particularly in Category and
Global. The large gain in Global reasoning demon-
strates ViLA’s ability to integrate scene-level in-
formation, while improvements in Category and
Relation reflect better semantic abstraction and
understanding of inter-object dependencies. No-
tably, Object-level accuracy also improves, sug-
gesting that ViLA’s abductive chain reasoning pre-
serves fine-grained visual grounding while enhanc-
ing high-level semantic inference. These results
collectively indicate that ViLA strengthens both
structural reasoning processes and semantic un-
derstanding, highlighting the effectiveness of rep-
resenting visual-linguistic evidence as abductive
premises for multi-step reasoning.
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𝑂1 : deskAnswers Candidates :Question: Where are the 

cats sitting on top of?
Constructed Premise (𝐻) 𝑆𝑎 𝑆𝑟 

Cats are on keyboard. 0.9 0.5

Cats are on a desk. 0.9 0.5

Desk is a common place for 

cats to sit.

0.9 0.1

Cats are on computer keyboard. 0.9 0.5

LLaVA: desk     CoT: desk 

ViLA (ours): keyboard

Question: What are some 

of the zebras standing in in 

the middle of the photo?

Answers Candidates :

LLaVA: pond     CoT: pond

ViLA (ours): water

Constructed Premise (𝐻) 𝑆𝑎 𝑆𝑟 

Zebras are drinking water. 0.9 0.1

Water hold is a common gathering 

spot for animals.

0.9 0.5

Zebras are near water souce. 0.9 0.1

Zebras gather around water source 0.9 0.1

𝑂2 : keyboard 𝑂1 : pond 𝑂2 : water

Figure 5: Qualitative results of ViLA’s reasoning process. Sa represents the conclusion, while Sr denotes the
adequacy fuzzy set score, and Sv corresponds to the relevance fuzzy set score generated through the VLM and
LLM.
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Figure 6: Accuracy variation with VLM weight.

LLM premise VLM premises Acc(%)
✓ 65.33
✓ 65.33
✓ ✓ 68.18

Table 6: Ablation study on modality-specific premise
generation.

4.4 Ablation Study

As shown in Figure 6, the model maintains a stable
accuracy in most weight configurations but shows
a noticeable increase when the VLM weight wv

reaches 0.9. This indicates that assigning a higher
weight to the VLM, which emphasizes visual ad-
equacy in the validity computation, leads to im-
proved overall reasoning performance. The result
suggests that visual evidence plays a more decisive
role than textual relevance in constructing valid
abductive premises within the ViLA framework.

As shown in 6, we analyze the contribution of
modality-specific premises by conducting premise-
removal ablation experiments with premises gener-
ated by an LLM and a VLM, respectively. We apply
the same fuzzy scoring metric across all premise
settings to ensure a fair comparison. Using either
modality-specific premise alone achieves 65.33%
accuracy, whereas combining both premises im-
proves performance to 68.18%, corresponding to
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Figure 7: Accuracy by number of conclusions and
premises. Color intensity indicates accuracy (%).

a gain of 2.85 percentage points. This suggests
that the two modality-specific premises play com-
plementary roles in reasoning for knowledge-base
VQA.

We perform an ablation analysis focusing on
the premise and answer candidates’ hyperparame-
ters. Figure 7 presents the results of the hyperpa-
rameter experiments for the A-OKVQA validation
dataset. The results indicate that the highest ac-
curacy is achieved when the premise is set to 3
and the answer candidates are set to 1, or when
both the premise and the answer candidates are set
to 2. In particular, configurations with a premise
value of 3 consistently show higher accuracy. This
experiment also reveals that the generation of an ex-
cessive number of premises and answer candidates
leads to the generation of ambiguous supporting
data, ultimately resulting in a decrease in accu-
racy. Therefore, it can be concluded that the use
of the appropriate amount of information, rather
than overwhelming the model with excessive data,
is crucial to improve accuracy.

6536



5 Concluding Remarks

In this paper, we have proposed a Visual–Linguistic
Abductive reasoning called ViLA that integrates vi-
sual and textual information through abductive rea-
soning processes similar to human inference. Start-
ing from observations, ViLA generates modality-
specific premises and constructs plausible hypothe-
ses, selecting the most coherent explanation via
fuzzy scoring to build interpretable abductive rea-
soning chains that unify visual and linguistic
modalities. Extensive experiments on OKVQA,
AOKVQA, and GQA demonstrate that this ap-
proach not only achieves state-of-the-art accuracy
without external knowledge or fine-tuning, but also
enhances interpretability and stability in multi-step
reasoning. Although ViLA relies on the underlying
capabilities of LLMs and VLMs, our results show
that abductive reasoning chains can maximize the
potential of each model by tightly integrating their
modality-specific strengths into a unified reasoning
process. Future work is needed to reduce this de-
pendency and make the method more robust across
different model architectures.

6 Limitation

Although ViLA achieves improved performance
and interpretability, it still depends heavily on the
underlying VLM and LLM, making it sensitive to
their biases and perception errors. In addition, the
absence of external knowledge retrieval can limit
its effectiveness in domain-specific reasoning tasks.
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7 Appendix

8 Further Quantitative Evaluation

Table 7 and Table 8 presents a comprehensive
comparative analysis between the proposed ViLA
model and the baseline LLaVA-mistral7b model.

Reasoning Step LLaVA ViLA(ours) Gap

1 59.07 77.22 +18.15
2 50.09 58.01 +7.92
3 65.21 66.13 +0.92
4 71.50 73.77 +2.27
5 77.49 77.86 +0.37
6 90.24 90.24 0.00
7 95.00 95.00 0.00
8 66.67 66.67 0.00
9 100.00 100.00 0.00

Table 7: Accuracy by reasoning step on the GQA
dataset.

Words Number LLaVA ViLA(ours) Gap

3 12.58 42.38 +29.80
4 37.30 57.14 +19.84
5 40.08 50.85 +10.77
6 53.23 60.03 +6.80
7 59.14 63.09 +3.95
8 61.86 65.06 +3.20
9 65.96 67.99 +2.03
10 67.65 68.86 +1.21
11 64.59 65.49 +0.90
12 72.41 71.94 -0.47
13 63.64 65.15 +1.51
14 71.30 73.33 +2.03
15 73.84 74.26 +0.42
16 76.07 74.36 -1.71
17 67.02 64.36 -2.66
18 80.26 78.95 -1.31
19 81.40 83.72 +2.32
20 68.75 62.50 -6.25
21 84.21 84.21 0.00
22 83.33 83.33 0.00
23 25.00 50.00 +25.00
24 100.00 100.00 0.00
25 100.00 100.00 0.00

Table 8: Accuracy by number of words on the GQA
dataset.
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8.1 Reasoning Step Evaluation

The Reasoning Step category evaluates the mod-
els’ performance across varying levels of reasoning
complexity. The ViLA model shows a clear advan-
tage, particularly in the early reasoning steps (1-5),
with the most notable improvement of 18.15%p oc-
curring at the 1 reasoning step. However, as the rea-
soning steps increase to 6 or more, the performance
of both models converges, indicating that ViLA’s
advantage diminishes in more complex, multi-step
reasoning scenarios.

8.2 Words Number Evaluation

The Words Number category analyzes the impact of
question length on model performance. The ViLA
model exhibits significant accuracy improvements
for questions ranging from 3 to 15 words, with
the most substantial gain of 29.80%p observed for
3-word questions. This suggests that ViLA is par-
ticularly effective in understanding and responding
to shorter, more concise queries. However, as the
question length exceeds 15 words, the performance
gap between the two models narrows, and in some
cases, LLaVA performs similarly or slightly better
than ViLA.

8.3 Analysis of Prompt Sensitivity

Table 9 presents the experimental results compar-
ing different models and their performance across
various types of Chain of Thought (CoT) prompts.
The results indicate that for models such as LLaVA-
Mistral7B and InstructionBlip, the introduction
of CoT prompts or longer instructions leads to
a decline in accuracy. Specifically, for LLaVA-
Mistral7B, accuracy decreased by 2.14%p with
CoT and by 2.67%p with long instructions. Simi-
larly, Llava-Vicuna7B showed a more pronounced
decline, with a 3.14%p drop with CoT and a
3.79%p drop with long instructions. Instruction-
Blip exhibited the most significant reduction, par-
ticularly when CoT prompts were used, resulting
in a 9.34%p decrease in accuracy.

In contrast, ViLA, demonstrates robustness to
these variations in prompting. It not only main-
tained accuracy when CoT or long instructions
were introduced but also showed a slight improve-
ment of 0.37%p. The findings from these experi-
ments underscore the potential negative impact of
improperly aligned CoT prompts and instructions
on LLM-based models, while also highlighting the
effectiveness of our approach in preserving and

Model CoT Type Acc(DA)
w/o CoT 68.62

LLaVA-Mistral7B w CoT 66.48 (-2.14)
w Long instruction 65.95 (-2.67)

w/o CoT 66.14
Llava-Vicuna7B w CoT 63.00 (-3.14)

w Long instruction 62.35 (-3.79)
w/o CoT 54.05

Instructionblip w CoT 44.71 (-9.34)
w Long instruction 51.41 (-2.64)

w/o CoT 68.18
ViLA(Ours) w CoT 68.55 (+0.37)

w Long instruction 68.55 (+0.37)

Table 9: Accuracy comparison by prompt for different
models

even enhancing model performance.

8.4 Beam-Search Evaluation on Additional
Models

To ensure that the observed beam-search behavior
is not limited to LLaVA-NeXT (7B), we applied
the same analysis to both LLaVA-NeXT (7B) and
InstructBLIP. Figure 8 shows the Top-k accuracy
(bars) and Hit@k (dashed lines) for these models
as a function of beam size k. In each case, the prob-
ability of including the correct answer increases as
the beam size grows.

8.5 Ablation Study on Convex weight wv

Figure 9 visualizes the ablation study comparing
the accuracy for different w values when perform-
ing a convex combination. The figure demonstrates
that the highest performance is achieved when
wv = 0.9 This indicates that setting a higher con-
tribution to the adequacy fuzzy set µR(P ) leads to
improved performance.

9 Case Analysis

9.1 Success Cases

Figure 10 shows more examples of successful cases.
For questions like "Is the color of the wristband dif-
ferent than the hat?", it can be seen that the model
generates premises such as "The hat and wrist-
band are the same color." or "Wristband matches
hat’s color." and assigns a high score of 0.9. It is
also observed that the model can generate incorrect
premises like "The wristband is white, the hat is
red," but in these cases, a score of 0 is assigned dur-
ing the scoring stage, helping the model produce
an accurate final conclusion by verifying the gener-
ated premise once more. Through this process, it
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is confirmed that the ViLA proposed in this paper
improves interpretability in the reasoning process.

9.2 Failure Cases
Figure 11 visualizes a failure case within the GQA
dataset, illustrating an instance where the model
generated an incorrect response. For the question,
"What is lying next to the pens that are lying on
top of the bed?" one of the generated premises was
"The cell phone is a common item to be found on
a bed." This statement exemplifies the model’s hal-
lucination, as it introduces false information about
an object not present in the image. The associated
score of 0.5, while not particularly high, suggests
that the model identified some degree of correspon-
dence with objects within the image, leading to the
assignment of this score. As depicted in Figure 1,
the fuzzy logic-based calculation was somewhat
effective in addressing these hallucinations, yet the
phenomenon was not entirely eliminated. For the
final question, "Is the racket black and long?" the

model generated the premises "The racket is red
and white." and "The racket is black color." It can
be observed that the model assigned a score of 0
to the premise involving "black," indicating a lack
of accurate recognition regarding the racket, which
is actually a mix of yellow and black. This recog-
nition error appears to have led to the incorrect
conclusion of "no" as the final answer.

10 Prompt Templates

10.1 Answer Candidates
• Input:[question]

• Template:

Question:[question]
Answer in one word.

10.2 Visual Premises
• Input: [num_premises], [start_word],
[end_word]

• Template:

Provide [num_premises] brief reasons for
the answer using visual commonsense.

Each explanation must be concise, simple,
and relevant to the [object].

Use a maximum of 10 words per explanation.
Avoid detailed descriptions and keep the

explanations straightforward.
Answer in this format: 1. explanation1 2.

explanation2 ... [num_premises].
explanation[num_premises].

Question: "[question]"
Answer: "[answer]"

This is because

10.3 Linguistic Premises
• Input: [num_premises]

• Template:

Provide [num_premises] short explanations
about the conditions and properties

of the answer and question which can be
known in image.

Each explanation must be concise, simple,
and relevant to the image.

Use a maximum of 10 words per explanation.
Avoid detailed descriptions and keep the

explanations straightforward.

Question: "[question]"
Answer: "[answer]"
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10.4 Fuzzification (µA(H))

• Input: [information], [image]

• Template:

Given the following:

- Information: "[information]"

Choose the most appropriate score to
indicate whether the provided

information is reasonable to image.
Return only the letter corresponding to

your choice from the options
below:

- (a) 0.1
- (b) 0.5
- (c) 0.7
- (d) 0.9
- (e) 0.95
- (f) unknown

Example choice format: (a)

10.5 Fuzzification((µR(H))
• Input: [information], [question]

• Template:

Given the following:

- Information: "[information]"
- Question: "[question]"

Choose the most appropriate score to
indicate whether provided information
is related to question.

Return only the letter corresponding to
your choice from the options

below:

- (a) 0.1
- (b) 0.5
- (c) 0.7
- (d) 0.9
- (e) 0.95
- (f) unknown
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Figure 10: Visualization of a success case in GQA.
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Figure 11: Visualization of a failure case in GQA.
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