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Abstract

Knowledge-intensive visual question answering requires a model to fluidly integrate visual per-
ception, linguistic comprehension, and external knowledge sources. Although recent advances in
knowledge-based VQA have explored the incorporation of structured and unstructured knowledge,
they frequently overlook the discrepancies between the visual scene and the retrieved knowledge,
resulting in semantic conflicts that degrade reasoning quality. To address this long-standing issue, we
introduce SENSEALIGN, a unified context-harmonization framework designed to assess, quantify, and
mitigate semantic divergence between image-grounded evidence and externally retrieved knowledge.
The core principle behind SENSEALIGN is to provide an adaptive mechanism that evaluates whether
the newly incorporated knowledge is consistent with the visual–linguistic context, and proportionally
adjusts its influence based on a principled inconsistency score. Specifically, we first formulate a novel
semantic discrepancy estimator that combines caption-based uncertainty signals with a cross-context
semantic similarity evaluation, allowing the system to diagnose whether external knowledge aligns
with the underlying visual semantics. Building upon this inconsistency estimator, we further develop
an adaptive knowledge assimilation strategy that dynamically regulates explicit knowledge from
structured sources and implicit knowledge encoded in pretrained multimodal models. Through this
perspective, SENSEALIGN offers a general mechanism for preventing over-reliance on irrelevant or mis-
leading facts while still enabling the model to leverage genuinely helpful knowledge. Comprehensive
experiments on the OK-VQA benchmark demonstrate that our approach consistently surpasses strong
baselines and establishes a new state-of-the-art performance. These results highlight the significance
of explicitly modeling semantic compatibility when integrating heterogeneous knowledge for visual
reasoning tasks..

Keywords: visual question answering; knowledge integration; semantic misalignment; uncertainty
modeling; adaptive knowledge control; knowledge graph reasoning

1. Introduction
Knowledge-based visual question answering (KVQA) focuses on answering questions whose

solutions demand not only an understanding of the visual scene and natural language queries but
also the incorporation of complementary external knowledge. Unlike conventional VQA tasks that
rely solely on visual recognition and textual inference, KVQA aspires to approximate human-level
reasoning by leveraging background knowledge about concepts, attributes, events, or commonsense
relations that extend beyond the pixels of the image. This enriched reasoning paradigm, while powerful,
introduces new challenges stemming from the heterogeneity and noisiness of large-scale knowledge
sources. As highlighted in prior works exploring multi-modal integration frameworks [1,2], the process
of injecting knowledge through entity-level retrieval or keyword grounding often retrieves overly
generic or contextually inappropriate information, thereby introducing contradictions or semantic
drift relative to the true image content.
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To illustrate this persistent challenge, when an image depicts a ripe banana that visually appears
green, a knowledge base may nonetheless retrieve widely known facts such as (banana, HasProperty,
yellow), resulting in an answer that contradicts the observable visual cues. This discrepancy exemplifies
what we term as semantic inconsistency, a mismatch between the actual visual–linguistic context and
the external knowledge triggered by objects or keywords. Such inconsistencies become especially
problematic because traditional retrieval-based KVQA systems tend to assume that all retrieved knowl-
edge is relevant, thereby amplifying the negative impact of incorrect or overly generic information
on final answer prediction. Although recent works attempt to refine the process of entity linkage or
graph-based knowledge extraction [3–5], they typically overlook the necessity of verifying whether
the retrieved knowledge faithfully aligns with the grounded visual context.

Figure 1. Motivating illustration of semantic inconsistency in knowledge-based visual question reasoning.
Although external knowledge suggests that a banana is typically yellow, the visual evidence indicates a green
banana. SENSEALIGN detects this mismatch and harmonizes external knowledge with the grounded visual
context to produce the correct answer.

Given these observations, it becomes critical to establish a more principled mechanism that
explicitly evaluates the compatibility between external knowledge and the visual evidence. Motivated
by this need, our work proposes to systematically quantify semantic inconsistency and leverage it to
guide knowledge integration. We begin by formulating a measure that exploits caption-generation
dynamics, where unusual or ill-fitting knowledge tends to produce captions with higher uncertainty
or reduced semantic coherence. By comparing captions generated with different knowledge conditions
against the ground-truth description of the image, we obtain a fine-grained signal that reflects whether
the introduced knowledge harmonizes with or disrupts the contextual understanding. This enables a
robust and interpretable method for identifying misaligned knowledge that may hinder the reasoning
process.

Beyond caption uncertainty, we further extend the inconsistency estimation with a contextual sim-
ilarity assessment that leverages a knowledge context model pretrained on large-scale commonsense
corpora. When the knowledge-driven contextual embedding diverges from the visually grounded
semantics, the resulting uncertainty and representational gap jointly reflect the level of semantic
mismatch. This dual-perspective evaluation—spanning both generative uncertainty and contextual
semantic similarity—provides a comprehensive lens for diagnosing misalignment between visual
content and retrieved knowledge. Such an estimation is especially advantageous for KVQA because it
enables the system to down-weight or suppress misleading knowledge while retaining high-value
information that genuinely supports answer prediction.

Building upon this semantic inconsistency model, we further introduce an adaptive knowledge
assimilation strategy designed to regulate the degree of external knowledge influence. In traditional
KVQA settings, explicit knowledge from structured sources such as relational knowledge graphs and
implicit knowledge encoded within multimodal transformers are both useful yet prone to conflict.
Our strategy dynamically modulates these sources by increasing reliance on the most contextually
consistent components, thereby preventing the accumulation of spurious reasoning patterns. Through
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this lens, our approach facilitates smoother integration of heterogeneous knowledge, enabling better
alignment between visual perceptions and retrieved facts.

This study contributes to the literature in several significant ways. First, we propose a novel
semantic inconsistency estimator rooted in caption-generation uncertainty and semantic similarity
comparison, offering a flexible and interpretable measure for diagnosing misaligned knowledge.
Second, we introduce SENSEALIGN, an adaptive external knowledge assimilation framework that
uses this inconsistency signal to modulate how much explicit and implicit knowledge is injected
into KVQA models. Third, by integrating relational graph-based representations and multimodal
contextual encoders into the SENSEALIGN pipeline, we establish a more reliable and semantically
coherent reasoning process that mitigates the adverse effects of irrelevant knowledge. Finally, extensive
experiments on the OK-VQA dataset validate the effectiveness of our approach and demonstrate its
superiority over prior state-of-the-art methods, underscoring the value of aligning external knowledge
with grounded visual semantics.

In summary, this work advocates for a shift in KVQA research: from indiscriminately incorpo-
rating external knowledge to thoughtfully balancing knowledge utility with contextual alignment.
Through SENSEALIGN, we show that addressing semantic inconsistency is not merely an auxiliary
feature but a central requirement for developing robust and accurate visual question reasoning systems.

2. Related Work
2.1. Pre-Trained Multimodal Foundations for KVQA

A considerable body of research in multimodal representation learning has investigated how
visual objects and linguistic units can be jointly encoded to facilitate downstream reasoning tasks.
Earlier explorations demonstrated that object-level features extracted from region proposal networks,
when tokenized and aligned with textual tokens, can be effectively processed via Transformer-based
self-attention mechanisms [6,7]. These models learn cross-modal correspondences that outperform
conventional fusion-based architectures [8], especially in tasks requiring fine-grained grounding
between image entities and question semantics. Building on this insight, our work also leverages the
representational richness of pre-trained multimodal encoders.

Beyond these models, many KVQA pipelines further incorporate features derived from Faster
R-CNN, ResNet, or other vision encoders, in combination with question embeddings produced by
pretrained language models [9,10]. [9] proposed a Bilinear Attention Map formulation to generate a
joint embedding space that reflects subtle visual–textual dependencies. Meanwhile, [10] introduced a
3-way Tucker fusion design enabling complex multiplicative interactions between image regions and
question tokens.

Several studies also highlight that pre-trained models can indirectly encode commonsense knowl-
edge, though such implicit knowledge may be incomplete or incongruent with external facts. [1]
utilized ArticleNet, which retrieves supplementary information via Wikipedia search APIs triggered
by entity-level keywords. Similarly, [2] extracted additional knowledge based on object labels from
detection models. While these approaches demonstrate the potential of leveraging implicit and explicit
knowledge simultaneously, they often lack mechanisms to assess whether the retrieved knowledge
faithfully matches the visual context. The present work advances this by incorporating semantic incon-
sistency estimation, enabling SENSEALIGN to better regulate the amount and relevance of external
knowledge utilized.

2.2. Graph-Structured Knowledge for Visual Reasoning

Graph-based reasoning models have emerged as a parallel line of investigation, motivated by the
intuition that structured representations can capture rich entity–relation patterns across modalities [3,
11–14]. [11] proposed the Neural State Machine, adopting a probabilistic graph environment for
multi-step visual reasoning. In the context of video-based tasks, [13] constructed a video scene
graph augmented with caption generation modules to enhance temporal relational reasoning. [12]
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further explored heterogeneous graph alignment networks to incorporate inter- and intra-modality
dependencies for video-QA, demonstrating the versatility of graph structures for long-range reasoning.

Other approaches combine heterogeneous features—visual, linguistic, and numeric—into a uni-
fied graph and employ node-level aggregation mechanisms [14]. However, these methods typically
emphasize the visual content and may struggle when the question requires significant external knowl-
edge. In response, [3] introduced a model that fuses a concept graph derived from external knowledge
with an image scene graph, enabling relational alignment between detected objects and knowledge
entities. Nonetheless, the scene graph relation types in such models remain limited, and for datasets
such as OK-VQA, location-based scene graph construction has shown little improvement in factual
reasoning scenarios that require commonsense knowledge.

2.3. Hybrid Pre-Trained and Graph-Enhanced KVQA Pipelines

Several recent studies combine the strengths of pre-trained multimodal encoders and graph
reasoning modules in an attempt to capture both implicit conceptual associations and explicit relational
structures [4,5,15]. [15] proposed multimodal graph networks aimed at compositional generalization,
but their evaluation focused predominantly on object recognition attributes such as shape and count,
leaving knowledge-intensive settings underexplored. [4] developed a Knowledge Graph Augmented
model that integrates visual features with relational subgraphs constructed from retrieved knowledge.
However, their method constructs subgraphs solely from image object labels and question keywords,
overlooking whether these elements are semantically compatible with the actual scene.

Similarly, [5] fused representations from a BERT-based encoder with graph-derived concept
embeddings. Yet, when inconsistencies arise between the graph-based signals and the multimodal
encoder’s contextual representation, the injection of external knowledge may mislead the reasoning
process rather than improve it. These limitations motivate our introduction of SENSEALIGN, which
explicitly quantifies semantic inconsistency at the knowledge–context interface and uses this signal to
regulate knowledge assimilation.

2.4. Knowledge Filtering and Conflict Mitigation in VQA

Another emerging research direction concerns the filtering, validation, or reweighting of external
knowledge before its incorporation into visual reasoning. Some methods employ heuristic-based
filtering strategies, such as ranking retrieved knowledge snippets by lexical relevance or TF-IDF score,
but these approaches overlook deeper semantic misalignments that arise when knowledge contradicts
what is visually observed. Other techniques explore confidence-driven schemes, treating the retrieval
model’s confidence as a proxy for usefulness; however, confidence does not reliably capture whether
the knowledge is factually incompatible with the current visual question context.

Recent advancements in uncertainty modeling offer a more principled alternative. For instance,
approaches leveraging stochastic attention, dropout-based variance estimation, or ensemble-based
predictive dispersion have shown potential for detecting anomalous predictions in multimodal infer-
ence. Yet, these techniques have rarely been applied to knowledge integration. Our work extends this
line of research by leveraging caption-generation uncertainty as a diagnostic tool for semantic conflict,
capturing cases where the knowledge-conditioned caption diverges from visually grounded semantics.
This provides a finer granularity of conflict detection than traditional retrieval-ranking strategies.

2.5. Semantic Alignment and Contextual Consistency in Knowledge-Intensive AI

Finally, a broader set of studies investigates semantic alignment across modalities and data
sources, particularly in tasks requiring cross-domain consistency. Research in commonsense reason-
ing highlights the importance of ensuring that inferred facts do not contradict observed evidence,
especially in multimodal environments with incomplete or ambiguous signals. Knowledge represen-
tation studies have proposed embedding-based alignment techniques where the distance between
contextual embeddings indicates the degree of compatibility. Similarly, multimodal Transformers incor-
porate cross-attention mechanisms to reconcile conflicting signals from different modalities. However,
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few works explicitly quantify semantic conflict at the intersection of visual grounding and external
knowledge.

Motivated by these gaps, our SENSEALIGN framework leverages both semantic similarity mea-
sures and uncertainty-driven indicators to construct a unified inconsistency estimator. This estimator
serves as a robust foundation for dynamically controlling the injection of external knowledge, ensuring
that only contextually coherent and visually compatible facts contribute to downstream reasoning.
Through this design, SENSEALIGN advances the alignment problem beyond retrieval relevance and
toward a more cognitively grounded notion of semantic harmony between what is seen and what is
known.

Figure 2. A high-level pipeline of the SenseAlign framework, showing how semantic inconsistency is estimated
from KB-conditioned captions and used to adaptively fuse implicit (VisualBERT) and explicit (RGCN) knowledge
for KVQA.

3. SenseAlign Framework
In this section, we introduce the proposed SENSEALIGN framework, which explicitly models

semantic inconsistency between an image and an external knowledge base (KB) and then uses this
signal to regulate the integration of implicit and explicit knowledge for KVQA. We first present how
semantic inconsistency is quantified by combining uncertainty modeling and semantic similarity
between captions. We then describe how this inconsistency-aware signal is used to adaptively control
the contributions of visual–linguistic features and KB-derived features in the final answer prediction
process.

3.1. Semantic Inconsistency Between Image Context and External Knowledge

The central idea behind SENSEALIGN is that external knowledge should only be trusted when
it is semantically compatible with the visual–linguistic context of a given VQA instance. If the
knowledge retrieved from a KB contradicts or weakly correlates with what is grounded in the image
and the question, injecting such knowledge can easily lead to hallucinated or biased predictions. To
operationalize this intuition, we quantify the degree of mismatch between the image context and
the KB by exploiting caption generation. The captioning model is first exposed to the image and the
externally retrieved knowledge, and then its predictive behavior is analyzed in terms of uncertainty
and similarity to reference captions. Intuitively, if the KB is consistent with the image, the resulting
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caption should be confident and semantically close to the reference description of the scene; otherwise,
the caption becomes unstable or diverges from the ground-truth semantics.

Inspired by [16], we adopt an uncertainty-based formulation for captioning and extend it to define
a semantic inconsistency measure tailored for KVQA. The measure is computed at both token and
sentence levels, and then aggregated into a single scalar value that reflects the overall reliability of the
KB with respect to the given image and question. This value will later drive the gating mechanism
that balances implicit (visual–linguistic) and explicit (KB) knowledge in SENSEALIGN.

3.1.1. Ensemble-Based Uncertainty Estimation for Caption Generation in KVQA

In conventional image captioning, given an input x (e.g., an image or a combination of image and
auxiliary information), the goal is to generate a sentence y = (y1, . . . , yk) by learning the conditional
distribution p(y|x). Most modern captioning systems model this distribution autoregressively, predict-
ing each token based on the context formed by the input and previously generated tokens. Formally,
the conditional distribution factorizes as

p(y|x) = p(y1|x)
k

∏
i=2

p(yi|x, y1, · · · , yi−1), (1)

where yi denotes the i-th token in the sentence and x, y1, . . . , yi−1 defines the context ci used to predict
the next token.

For a given context ci, the captioning model defines a probability distribution over a vocabulary
V, i.e., p(yi = v|ci) for v ∈ V. Semantically plausible tokens (e.g., ‘green” for a green banana) tend
to concentrate probability mass, whereas implausible words (e.g., ‘beach” for an indoor office scene)
should ideally receive negligible probability. When the model assigns non-trivial probability to such
implausible tokens, we refer to them as hallucinated words. Let V(ci)

h ⊆ V denote the set of hallucinated
words under the context ci; then the probability mass assigned to hallucinations can be written as

p(yi ∈ V(ci)
h ) = ∑

v∈V
(ci)
h

p(yi = v|ci). (2)

A high value of p(yi ∈ V(ci)
h ) indicates that the model is tempted to generate contextually irrelevant

tokens, which is symptomatic of semantic conflict or model uncertainty.
Uncertainty in token prediction is often quantified using entropy. For each context ci, the predic-

tive entropy of the token distribution is defined as

H(yi|ci) = − ∑
v∈V

p(yi = v|ci) log p(yi = v|ci)

= − ∑
v∈V\V

(ci)
h

p(yi = v|ci) log p(yi = v|ci)

− ∑
v∈V

(ci)
h

p(yi = v|ci) log p(yi = v|ci).

(3)

The above decomposition reveals two qualitatively different components: (i) uncertainty related to
choosing among contextually appropriate tokens; and (ii) uncertainty arising from assigning non-
negligible probability to hallucinated tokens. The second component is of particular interest for KVQA,
as it is closely related to how incompatible external knowledge can perturb the captioning model.

In a Bayesian view, the overall predictive uncertainty can be further decomposed into aleatoric and
epistemic parts [17–19]. Aleatoric uncertainty captures the inherent noise in the data (e.g., occlusions
or ambiguous scenes), while epistemic uncertainty stems from model parameters and limited training
coverage. To approximate these components, we adopt an ensemble-based modeling strategy [20]. Let
q(w) be the posterior distribution over model parameters w, and let H(yi|ci, w) be the entropy of the
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predictive distribution when the parameters are fixed to w. Aleatoric uncertainty is then approximated
by

ual(yi|ci) = E ∗ q(w)[H(yi|ci, w)] =
1
M ∑ ∗m = 1M Hm(yi|ci), (4)

where Hm(yi|ci) is the entropy computed from the m-th ensemble member and M is the ensemble size.
Epistemic uncertainty is estimated by subtracting the aleatoric component from the total predictive
entropy:

uep(yi|ci) = H(yi|ci)−E ∗ q(w)[H(yi|ci, w)] = H(yi|ci)− u ∗ al(yi|ci). (5)

For each caption sequence, we aggregate token-level uncertainties to obtain sentence-level mea-
sures. A simple yet effective aggregation is the average across positions:

ū ∗ al(y|x) = 1
k ∑ ∗i = 1kual(yi|ci), ū ∗ ep(y|x) = 1

k ∑ ∗i = 1kuep(yi|ci). (6)

Larger values of ūep(y|x) typically indicate that the model is uncertain due to a mismatch between the
training distribution and the current input. In our setting, when the caption generator is conditioned
on external knowledge that conflicts with the image, epistemic uncertainty tends to increase, thus
signaling semantic inconsistency between the KB and the visual context.

A recent line of work suggests that captioning models pre-trained on large-scale datasets implicitly
encode a substantial amount of commonsense and factual knowledge [21]. We adopt such a pre-trained
captioning backbone as a knowledge-aware generator. By feeding the KVQA images and the associated
KB-derived context into this model and then computing ū ∗ al(y|x) and ū ∗ ep(y|x) via an ensemble,
we obtain a principled uncertainty profile describing how confidently the model can integrate the
external knowledge with the visual evidence.

3.1.2. Measuring Semantic Similarity Between Captions

Uncertainty alone does not fully characterize semantic inconsistency, since a model can be
confident yet wrong, or uncertain yet still produce a semantically acceptable caption. To complement
the uncertainty view, SENSEALIGN also considers the semantic similarity between the knowledge-
conditioned caption and a reference description of the image. If the generated caption diverges strongly
from the ground-truth caption(s), the utilized knowledge is likely to be misaligned with the true scene.

Let Sg denote a caption generated by the pre-trained model under a particular knowledge
configuration (e.g., conditioned on the KB facts associated with the detected objects and question
keywords), and let St denote a ground-truth caption describing the same image. We employ the
Sentence-BERT (S-BERT) encoder [22] to map each sentence into a dense representation f (S) ∈ Rd.
The semantic similarity between the two captions is then computed using cosine similarity:

simcap(Sg, St) =
f (Sg) · f (St)

| f (Sg)| · | f (St)|
, f : encoder. (7)

The value simcap(Sg, St) lies in [−1, 1], where higher values indicate greater semantic alignment.

In practical KVQA datasets, each image may have multiple reference captions S(1)
t , . . . , S(L)

t . To
robustly evaluate similarity, we aggregate over all reference captions, for example by taking the
maximum or average similarity:

simcap ∗ max(Sg) = max ∗ℓ ∈ 1, . . . , Lsimcap(Sg, S(ℓ)
t ),

simcap ∗ avg(Sg) =
1
L ∑ ∗ℓ = 1Lsimcap(Sg, S(ℓ)

t ).
(8)

In our implementation, we primarily use simcap
max(Sg), as it allows the generated caption to match any

one of the plausible references and thus better accommodates linguistic variability.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 November 2025 doi:10.20944/preprints202511.1720.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.1720.v1
http://creativecommons.org/licenses/by/4.0/


8 of 24

When external knowledge introduces incorrect assumptions (e.g., forcing the caption to mention
“yellow” for a visually green banana), the resulting simcap

max(Sg) tends to decrease. By monitoring this
similarity in conjunction with uncertainty, SENSEALIGN can detect cases where the KB is misleading
and should be down-weighted in the final reasoning pipeline.

3.1.3. Combining Uncertainty and Similarity into a Semantic Inconsistency Score

To quantify the overall inconsistency between the external KB and the image–question context,
we combine the uncertainty and similarity indicators into a single scalar measure. Intuitively, semantic
inconsistency should increase when epistemic uncertainty is high and caption similarity is low. Let
ū ∗ ep(y|x) denote the sentence-level epistemic uncertainty defined in Eq. (6) and let scap denote a
similarity score (e.g., simcap ∗ max(Sg)). We define an inconsistency score I(x, KB) as

I(x, KB) = α, ūep(y|x) + β, (1 − scap), (9)

where α, β ≥ 0 are hyperparameters that balance the contributions of uncertainty and similarity. In
practice, these coefficients can be tuned on a validation set or normalized so that each term occupies a
comparable numerical range.

For downstream usage, we also normalize the inconsistency score into a bounded range, e.g.,

Ĩ(x, KB) =
I(x, KB)− µI

σI
, (10)

where µI and σI are the mean and standard deviation of I(x, KB) over the training set. The normalized
score Ĩ can be further transformed into a consistency confidence by applying a sigmoid operation:

γ(x, KB) = σ(− Ĩ(x, KB)), (11)

where larger γ implies higher trust in the KB. This scalar γ becomes a key control signal in the
SENSEALIGN framework, guiding how much attention should be allocated to explicit knowledge
versus implicit visual–linguistic cues.

3.2. Uncertainty-Aware Knowledge-Based Visual Question Answering

Building upon the semantic inconsistency modeling described above, we now present how
SENSEALIGN fuses implicit and explicit knowledge for KVQA. The core idea is to treat the inconsistency
score as a dynamic gate that modulates the relative importance of KB-derived features and multimodal
contextual representations. When semantic inconsistency is high (large Ĩ, small γ), the model relies
more on image–question information; when inconsistency is low, the KB is trusted more strongly.

Formally, SENSEALIGN relies on two complementary knowledge sources [5]: (i) explicit knowl-
edge, extracted from an external KB using a relational graph convolutional network (RGCN); and (ii)
implicit knowledge, encoded in a visual–linguistic Transformer such as VisualBERT. The following
subsections describe how uncertainty and similarity are used to regulate these two components.

3.2.1. Uncertainty-Guided Knowledge Utilization

To operationalize the gating mechanism, we construct a feature vector from the semantic similarity
and uncertainty indicators and feed it into a small neural controller that outputs two scalar scores. Let
simcap ∈ R denote the similarity measure (e.g., simcap ∗ max), and let u ∈ R be a suitable aggregation
of uncertainty (for instance, a weighted sum of ū ∗ al and ūep). We concatenate these two values and
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apply a linear projection followed by a sigmoid function to obtain scores for implicit and explicit
knowledge streams:

vscore = σ(Wv ∗ [simcap, u]),

gscore = σ(Wg ∗ [simcap, u]),

z ∗ vimplicit = vscore ∗ zimplicit,

z ∗ gexplicit = gscore ∗ zexplicit,

(12)

where Wv and Wg are learnable parameters, and σ(·) denotes the sigmoid function applied element-
wise. The vectors zimplicit ∈ Rd∗zi and zexplicit ∈ Rd∗ze are the base representations extracted from the
implicit and explicit knowledge modules, respectively. The resulting zimplicit

v and zexplicit
g are rescaled

embeddings reflecting the degree of trust assigned to each source.
To further regularize the gating behavior, one may add an auxiliary loss that encourages consis-

tency between the scores and the underlying inconsistency measure. For example, we can enforce that
gscore decreases as I(x, KB) increases, using a margin-based penalty:

Lgate = max
(
0, gscore − (1 − λI(x, KB))

)
, (13)

where λ controls the strength of this regularization. Although optional, such a term can help stabilize
the training of SENSEALIGN when the KB is noisy.

3.2.2. Explicit Knowledge Graph Encoding with RGCN

The explicit knowledge channel in SENSEALIGN is realized via graph-structured reasoning over
an external KB. We begin by constructing a subgraph around entities related to the image and the
question, using keywords extracted from multiple vision models and the question text. In particular,
approximately 4,000 image-related keywords covering objects, places, and attributes are retrieved
using four complementary detectors: (1) ResNet-152 trained on ImageNet [24], (2) ResNet-18 trained
on Places365 [25], (3) Faster R-CNN trained on VisualGenome [26], and (4) Mask R-CNN trained
on LVIS [27]. Based on these keywords and the question tokens, we query several heterogeneous
KBs, including DBPedia for categorical information [28], ConceptNet for commonsense relations [29],
VisualGenome for spatial relations [26], and hasPartKB for part-of relations [30]. From this procedure,
we obtain a multi-relational graph comprising about 8,000 nodes and 36,000 edges.

To encode this graph, we adopt a Relational Graph Convolutional Network (RGCN) [23], which
explicitly models edge types and directions. Let G = (V , E) denote the extracted subgraph, with nodes
v ∈ V associated with initial features h(0)

v . These features include: (i) a one-hot indicator of whether
the node corresponds to a keyword present in the question; (ii) a probability vector derived from
visual detectors indicating the confidence that the corresponding object appears in the image; (iii) a
Word2Vec embedding [31] of the node label (or an average embedding if it spans multiple words); and
(iv) the global implicit representation zimplicit, shared across the graph as a contextual bias.

For each RGCN layer ℓ, the node representations are updated as

h ∗ v(ℓ+1) = σ
(

∑ ∗r ∈ R ∑
u∈N∗r(v)

1
c ∗ v, r

W(ℓ)
r h(ℓ)

u + W(ℓ)
0 h ∗ v(ℓ)

)
, (14)

where R is the set of relation types, N ∗ r(v) is the set of neighbors of v under relation r, c ∗ v, r is
a normalization constant, and W(ℓ)

r , W(ℓ)
0 are learnable parameters. After several layers, we obtain

refined node embeddings that incorporate multi-hop relational information. We then derive the explicit
knowledge representation zexplicit by applying an aggregation function such as attention-based pooling
over the nodes:

zexplicit = ∑ ∗v ∈ Vαvh(L)
v , αv =

exp(w⊤
a h ∗ v(L))

∑ ∗u ∈ V exp(w⊤
a h(L)

u )
, (15)

where L is the number of RGCN layers and wa is a trainable attention vector.
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3.2.3. Implicit Multimodal Representation via VisualBERT

On the implicit side, SENSEALIGN employs a visual–linguistic Transformer to encode the joint
context of the image and the question. Following [7], we use VisualBERT as the backbone, as it has
been shown to provide strong performance across diverse vision–language benchmarks [8]. First,
question tokens are embedded using a BERT model pre-trained on BookCorpus and English Wikipedia,
while visual region features are extracted from a Faster R-CNN model trained on VisualGenome and
COCO. These textual and visual embeddings are concatenated into a single sequence, augmented with
modality-specific segment embeddings and positional encodings.

Let X ∈ RT×d denote the sequence of token and region embeddings, where T is the total number
of tokens and regions. VisualBERT applies a stack of Transformer layers, each consisting of multi-head
self-attention and feed-forward sublayers, to obtain contextualized representations H(L):

H(ℓ+1) = TransformerLayer(ℓ)(H(ℓ)), H(0) = X. (16)

From the final layer, we extract the implicit representation zimplicit by mean-pooling over all positions:

zimplicit =
1
T

T

∑
t=1

H(L)
t . (17)

This embedding encodes both the visual content and the question semantics, along with implicitly
learned commonsense associations.

3.2.4. Answer Prediction and Training Objective

After computing the gated representations z ∗ vimplicit and z ∗ gexplicit in Eq. (12), SENSEALIGN

predicts answers from a predefined vocabulary V ∈ Rv, where v is the vocabulary size. We first
compute an implicit score vector yimplicit ∈ Rv using a linear layer followed by a sigmoid:

yimplicit = σ(W ∗ z ∗ vimplicit + b), (18)

where W and b are learnable parameters. For the explicit channel, we compute for each answer
candidate i a compatibility score between its explicit representation z ∗ i, gexplicit (e.g., a node or cluster
embedding associated with that answer) and the implicit representation:

yexplicit
i = σ

((
W ∗ ge ∗ z ∗ i, gexplicit + bge

)⊤(Wvi ∗ z ∗ vimplicit + b ∗ vi
))

, (19)

where Wge, bge, Wvi, bvi are trainable matrices and bias vectors. The final prediction for each answer

token i is obtained by combining yimplicit
i and yexplicit

i , for example via a weighted sum or max operation.
In our implementation, we take their element-wise maximum to encourage the model to rely on
whichever source is more confident.

For training, we treat answer prediction as a multi-label classification problem over the answer
vocabulary and optimize a binary cross-entropy loss. Let a ∈ 0, 1v be the ground-truth answer indicator
vector, and let ŷ ∈ [0, 1]v be the final combined scores. The primary loss is

L ∗ BCE = −∑ ∗i = 1v[ai log ŷ ∗ i + (1 − ai) log(1 − ŷ ∗ i)
]
. (20)

When the optional gating regularization L ∗ gate in Eq. (13) is employed, the total training objective
becomes

L ∗ total = L ∗ BCE + ηL ∗ gate, (21)

where η is a hyperparameter controlling the strength of the gate alignment. Through this training
process, SENSEALIGN learns to jointly reason over implicit and explicit knowledge while dynamically
aligning the contribution of external KBs with visual–linguistic evidence.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 November 2025 doi:10.20944/preprints202511.1720.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.1720.v1
http://creativecommons.org/licenses/by/4.0/


11 of 24

4. Experiments
In this section, we provide a comprehensive empirical study of the proposed SENSEALIGN

framework. All experiments are conducted on a widely used knowledge-based visual question
answering benchmark, and we additionally analyze the behavior of the uncertainty-based caption
generator, the semantic inconsistency signals, and the integration of explicit and implicit knowledge.
We first describe the datasets and baselines, followed by evaluation metrics, an in-depth study on
uncertainty-aware caption generation, and a series of quantitative and qualitative analyses for KVQA.
Unless otherwise specified, all reported results are averaged over three random seeds.

4.1. Datasets, Pretraining Corpora, and Baselines

We adopt the OK-VQA dataset [1] as the primary benchmark for evaluating knowledge-based
visual question answering. OK-VQA is specifically designed to test the ability of a model to reason over
external knowledge in addition to visual content, and thus forms a natural testbed for SENSEALIGN.
The dataset consists of 14,031 images paired with 14,055 open-ended questions that cannot be answered
solely from the image pixels without external information. Each question is annotated with multiple
human answers, enabling a robust evaluation of model predictions.

The official split of OK-VQA is followed in all our experiments. The detailed statistics are
summarized in Table 1. The training split contains 8,998 images and 9,009 questions, while the test
split contains 5,033 images and 5,046 questions. For validation, we randomly hold out approximately
one third of the training questions as a development set while keeping image distributions aligned
with the training portion. This configuration allows us to tune hyperparameters such as the weights of
the semantic inconsistency components and the learning rate of the KVQA model without overfitting
to the test set.

Table 1. Statistics of the OK-VQA dataset used for training, validation, and testing.

Dataset # of images # of questions

Train 8,998 9,009

Test 5,033 5,046

Total 14,031 14,055

To pre-train caption generation backbones used in the uncertainty modeling component of
SENSEALIGN, we rely on the MSCOCO image captioning dataset [32]. MSCOCO provides high-quality
human-written captions for a large number of images and has been extensively used as a standard
corpus for training captioning models. The size and split of MSCOCO are shown in Table 2. We
make use of all official splits (train, validation, and test) when pre-training captioning models, and
subsequently fine-tune them on the OK-VQA images to adapt to the domain of knowledge-intensive
scenes.

Table 2. Statistics of the MSCOCO image captioning corpus used to pre-train the captioning backbones.

Dataset # of images # of captions

Train 82,783 413,915

Validation 40,504 202,520

Test 40,775 379,249

Total 164,062 995,684

For the caption generation backbone, we consider three representative models that have been
widely adopted in the literature: Att2in [33], BuDn [34], and a Transformer-based captioning model [35].
These models differ in terms of their attention mechanisms and sequence modeling strategies, pro-
viding a diverse set of architectures for studying uncertainty. All three are first trained on MSCOCO
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and then adapted to the OK-VQA images. The resulting captioning models are subsequently used to
derive uncertainty estimates and caption similarity scores that feed into the semantic inconsistency
module of SENSEALIGN. Throughout our experiments, we find that the Transformer backbone yields
consistently stronger captioning performance and more informative uncertainty profiles; hence, it is
chosen as the default backbone for uncertainty estimation in our framework.

4.2. Evaluation Metrics for KVQA and Captioning

To assess KVQA performance on OK-VQA, we adopt the standard VQA accuracy metric used
in the VQA challenge [36]. Given a predicted answer â and a set of ten human reference answers
{a(1), . . . , a(10)}, the accuracy is defined as

Acc(â) = min

(
#{j : a(j) = â}

3
, 1

)
, (22)

which reflects the degree of agreement between the model’s prediction and human annotations. The
final score is obtained by averaging Acc(â) over all questions in the evaluation set. This formulation is
tolerant to reasonable variants of the answer (e.g., singular vs. plural) and aligns with prior work in
the field.

For caption generation, we report a comprehensive set of metrics to capture different aspects
of caption quality, including BLEU-n [37], CIDEr [38], METEOR [39], and ROUGE-L [40]. BLEU-
n measures n-gram precision against reference captions, with a brevity penalty to penalize overly
short sentences. CIDEr evaluates consensus between generated and reference captions using TF-IDF
weighted n-grams, emphasizing salient content words. METEOR focuses on unigram matches with
stemming and synonym matching, thereby rewarding semantic similarity beyond exact matches.
ROUGE-L computes the longest common subsequence between the generated and reference sentences,
providing a measure of overall structural overlap. By considering these metrics together, we can obtain
a nuanced picture of how well the captioning model captures the semantics of an image and how this,
in turn, influences the reliability of the semantic inconsistency signals used by SENSEALIGN.

4.3. Uncertainty-Based Caption Generation with Commonsense Knowledge

We first examine the behavior of captioning models when augmented with commonsense knowl-
edge. This analysis is important because the semantic inconsistency signal in SENSEALIGN is derived
from the interaction between the image, the external KB, and the caption generator. Table 3 reports the
captioning performance for Att2in, BuDn, and Transformer on the OK-VQA images when they are
equipped with the same external knowledge retrieval pipeline used by our KVQA model.

Table 3. Performance of captioning models with commonsense knowledge on the OK-VQA images. Scores are
averaged over three runs; the Transformer backbone offers the strongest caption quality and is adopted as the
default uncertainty estimator in SENSEALIGN.

Att2in [33] BuDn [34] Transformer [35]

BLEU-1 0.7815±0.00006 0.8102±0.00017 0.8314±0.00029
BLEU-2 0.6039±0.00021 0.6481±0.00011 0.6859±0.00037
BLEU-3 0.4463±0.00035 0.4989±0.00005 0.5442±0.00042
BLEU-4 0.3261±0.00041 0.3752±0.00006 0.4247±0.00043
CIDEr 1.0712±0.0018 1.2386±0.00042 1.4018±0.0013
METEOR 0.2587±0.00019 0.2839±0.00003 0.3015±0.00014
ROUGE-L 0.5519±0.00022 0.5823±0.00006 0.6078±0.00025

Across all metrics, the Transformer-based captioner outperforms Att2in and BuDn by a clear
margin. For instance, it achieves a CIDEr score of 1.4018 compared to 1.2386 for BuDn and 1.0712 for
Att2in. The gains in BLEU-3 and BLEU-4 are also substantial, indicating that the Transformer backbone
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is better at modeling long-range dependencies and producing coherent multi-word expressions.
Because uncertainty estimates are derived from the predictive distributions of the captioner, a stronger
backbone leads to more reliable and informative uncertainty signals. Consequently, all subsequent
uncertainty analyses and the final SENSEALIGN model are built on top of the Transformer captioner.

To further probe how uncertainty relates to hallucination behavior, we compute token-level
aleatoric and epistemic uncertainties as described in Section 3.1, and examine the distribution of these
values across generated captions. Words corresponding to unusual actions or objects that are weakly
supported by the image systematically exhibit higher epistemic uncertainty than visually grounded
words. Moreover, we group captions according to the proportion of hallucinated tokens and average
the uncertainties within each group. We observe a monotonic increase in both aleatoric and epistemic
uncertainty as the hallucination ratio rises, which supports the view that the uncertainty signal can
serve as a proxy for semantic conflict between the KB and the image.

4.4. Analysis of Semantic Inconsistency Signals

Next, we study the interaction between caption similarity and uncertainty, which together form
the core of the semantic inconsistency measure in SENSEALIGN. Table 4 reports Pearson correlation
coefficients between the caption similarity simcap, aleatoric uncertainty unal , and epistemic uncertainty
unep.

Table 4. Pearson correlation between caption similarity simcap and uncertainty measures. unal and unep denote
aleatoric and epistemic uncertainty, respectively. Negative correlations with simcap indicate that more dissimilar
captions tend to carry higher uncertainty.

Pair Corr

simcap & unal -0.2123

simcap & unep -0.1734

unal & unep 0.4637

We observe a moderate negative correlation between caption similarity and both uncertainty
types, with correlations of −0.2123 for (simcap, unal) and −0.1734 for (simcap, unep). This means that
as the generated caption deviates from the ground-truth description, the model typically becomes
more uncertain. In addition, aleatoric and epistemic uncertainties are positively correlated (0.4637),
reflecting the fact that both forms of uncertainty tend to co-occur when the model encounters rare or
ambiguous visual–knowledge configurations. These statistical patterns support our hypothesis that
combining similarity and uncertainty yields an informative semantic inconsistency signal.

To better understand how inconsistency relates to downstream KVQA performance, we further
partition the evaluation questions into quintiles based on the inconsistency score defined in Eq. (9) and
compute the accuracy of a baseline model that always uses the KB without gating. As the inconsistency
score increases from the lowest to the highest quintile, the accuracy of this baseline monotonically
drops by over 6 points. This degradation confirms that high inconsistency indeed corresponds to
scenarios where naive KB usage is harmful, motivating the need for the adaptive gating mechanism of
SENSEALIGN.
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Table 5. Accuracy (%) of a baseline KVQA model that always uses KB information, evaluated across bins of
increasing semantic inconsistency. The trend shows that high inconsistency is associated with significantly
degraded performance.

Inconsistency bin Proportion of data Accuracy

Lowest 20% 0.20 34.2

20–40% 0.20 32.9

40–60% 0.20 31.7

60–80% 0.20 30.1

Highest 20% 0.20 27.9

4.5. Overall KVQA Performance of SENSEALIGN

We now evaluate the full SENSEALIGN framework on OK-VQA and compare it against a set of
strong state-of-the-art baselines. The baselines include models that use only visual and textual features
as well as those that integrate external knowledge in various ways:

• Q-Only: a question-only classifier that ignores images and knowledge, serving as a lower bound.
• BAN [9]: a bilinear attention network that fuses question features with image features from

pre-trained detectors.
• BAN+AN [1]: BAN augmented with ArticleNet, which retrieves external knowledge using

Wikipedia APIs.
• MUTAN [10]: a multimodal Tucker fusion network combining pre-trained image and textual

features.
• BAN+KG-Aug [4]: BAN with a late-fusion knowledge graph augmentation scheme.
• MUTAN+AN [1]: MUTAN enhanced with ArticleNet-based external knowledge.
• KA [3]: a knowledge-aware model that incorporates concept graphs derived from external KBs.
• KRISP* [5]: a strong baseline integrating BERT-based image–text representation with graph-based

knowledge; results are from our re-implementation using the authors’ code and settings.

Table 6 summarizes the accuracy of all compared methods on OK-VQA. Compared with purely
multimodal baselines, knowledge-based models generally show improved performance, confirming
the usefulness of external knowledge when it is properly integrated. Among existing approaches, KA
and KRISP obtain the highest scores, highlighting the importance of combining structured graphs and
deep contextual encoders.

Table 6. Results on the OK-VQA dataset, comparing SENSEALIGN with state-of-the-art approaches. * denotes
re-implemented results using the authors’ publicly available code and hyperparameters, averaged over three
runs.

Model Accuracy

Q-Only 15.02

BAN [9] 25.41

BAN + AN [1] 25.93

MUTAN [10] 26.72

BAN + KG-Aug [4] 27.03

MUTAN + AN [1] 28.11

KA [3] 29.42

KRISP* [5] 31.32

SENSEALIGN 32.84
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Our full SENSEALIGN model achieves an accuracy of 32.84%, outperforming KRISP by approxi-
mately 1.5 absolute points and surpassing KA by more than 3.4 points. The improvement over KRISP
is particularly noteworthy because SENSEALIGN uses a very similar backbone for image–text and
graph-based reasoning; the key difference lies in the explicit modeling of semantic inconsistency and
the adaptive gating between implicit and explicit knowledge. This suggests that a substantial fraction
of the remaining error in prior work stems from cases where external knowledge contradicts the image
or question, and that carefully modulating knowledge usage is crucial for robust KVQA.

4.6. Ablation Study on Semantic Inconsistency Components

To better understand the contribution of each component in the semantic inconsistency module,
we conduct an ablation study focusing on caption similarity, aleatoric uncertainty, and epistemic
uncertainty. Starting from a baseline that integrates both explicit and implicit knowledge without any
inconsistency-aware gating, we incrementally add each signal to the gating function in Eq. (12) and
evaluate KVQA accuracy.

Table 7. Ablation study of semantic inconsistency signals within SENSEALIGN on OK-VQA. We start from a
baseline that uses both explicit and implicit knowledge without gating, and then progressively incorporate caption
similarity and uncertainty components.

Model Accuracy

Baseline 31.20

Baseline +
simcap 31.71

Baseline +
uncertaintyal 31.49

Baseline +
uncertaintyep 32.04

Baseline +
simcap +

uncertaintyep 31.82

Baseline +
simcap +

uncertaintyal 32.63

Baseline +
simcap +

uncertaintyep +
uncertaintyal 31.43

The results in Table 7 reveal several interesting trends. First, adding caption similarity alone yields
a noticeable gain of 0.51 points over the baseline, suggesting that similarity is already a strong indicator
of whether external knowledge is helpful. Incorporating only aleatoric uncertainty leads to a more
modest improvement, whereas epistemic uncertainty brings the accuracy to 32.04%, indicating that
model uncertainty about knowledge-conditioned captions is a valuable signal for detecting harmful
knowledge. The best performance (32.63%) is obtained when we combine caption similarity with
aleatoric uncertainty, consistent with the relatively high correlation between these two signals reported
in Table 4. Using all three signals together does not further improve performance and, in fact, slightly
degrades it; this may be due to redundancy or over-parameterization in the gating function when
multiple correlated signals are present. Overall, the ablation study validates that caption similarity
and uncertainty, particularly in combination, are key drivers of the gains provided by SENSEALIGN.
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4.7. Additional Diagnostic and Robustness Experiments

To further verify the robustness of SENSEALIGN, we conduct additional diagnostic experiments
along two axes: question type and KB coverage. First, we group questions into coarse semantic
categories (e.g., objects, attributes, actions, and “why/how” questions) following the taxonomy
provided with OK-VQA, and compare the performance of KRISP and SENSEALIGN on each category.

Table 8. Accuracy (%) by question type on OK-VQA. SENSEALIGN consistently improves over KRISP across all
categories, with especially large gains on knowledge-intensive “why/how” questions.

Question type KRISP SENSEALIGN

Object identity 33.8 35.1

Object attribute 30.6 32.4

Action / activity 29.7 31.6

Location / place 28.9 30.8

Why / how (reasoning) 24.3 27.9

As shown in Table 8, SENSEALIGN yields consistent improvements across all categories, with the
largest relative gain observed in “why/how” questions, which typically require multi-hop reasoning
and more delicate use of external knowledge. This pattern corroborates our motivation: the benefits of
inconsistency-aware knowledge integration are most pronounced in scenarios where naive reliance on
KB information can easily lead to over-confident but incorrect reasoning chains.

Second, we simulate varying levels of KB incompleteness by randomly dropping a fraction of
edges from the external knowledge graph before applying the RGCN encoder. We consider three
settings where 10%, 30%, and 50% of edges are removed. The results in Table 9 show that SENSEALIGN

degrades gracefully as KB coverage decreases and maintains a clear margin over KRISP even under
strong edge removal, indicating that the semantic inconsistency gating mechanism helps the model
remain robust when the KB is sparse or noisy.

Table 9. Robustness of KRISP and SENSEALIGN under different levels of knowledge graph edge removal (edge
drop rate). SENSEALIGN consistently shows higher resilience to KB sparsity.

Edge drop rate KRISP SENSEALIGN

0% (full KB) 31.3 32.8

10% 30.7 32.1

30% 29.6 31.0

50% 27.9 29.4

4.8. Qualitative Analysis and Case Studies

Finally, we qualitatively analyze the predictions produced by SENSEALIGN and compare them
with those of the baseline model without inconsistency-aware gating. We focus on three representative
types of cases:

• Partial object visibility. In some images, only parts of key objects are visible (e.g., the faucet of a
sink or the handle of a pan). In such cases, KB facts about complete objects can be misleading. We
observe that the baseline model frequently overfits to generic priors (e.g., assuming a “kitchen
sink” implies a particular material or color), whereas SENSEALIGN down-weights the KB when
the caption inconsistency is high, thereby relying more on visual cues and choosing answers that
match human annotations.

• Unusual object–background combinations. Another challenging pattern occurs when objects
appear in atypical environments, such as formal-dressed people standing on surfboards or
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animals in unusual indoor scenes. Here, KB facts about typical co-occurrences (e.g., “surfboard”
with “ocean”) conflict with what is actually shown. The semantic inconsistency estimator in
SENSEALIGN assigns high uncertainty and low similarity to such cases, prompting the gating
mechanism to reduce reliance on KB and prevent hallucinated answers like “water” or “beach”.

• Fine-grained commonsense reasoning. In questions that require subtle world knowledge—such
as choosing the correct tool for a task or identifying the purpose of an object—the raw KB can
contain both relevant and irrelevant facts. We find that SENSEALIGN tends to favor KB snippets
that produce captions close to the ground-truth descriptions while suppressing snippets that lead
to contradictory captions. As a result, the final answers exhibit improved semantic plausibility
and alignment with human judgments.

Across a wide range of qualitative examples, SENSEALIGN demonstrates the ability to selectively
trust external knowledge only when it is semantically compatible with the visual–linguistic context.
This behavior directly reflects the design principle of the framework and complements the quantitative
gains observed in the preceding sections.

5. Conclusion and Future Directions
In this work, we introduced SENSEALIGN, a novel semantic-inconsistency–aware framework de-

signed to robustly regulate the integration of external knowledge in knowledge-based visual question
answering (KVQA). Our approach systematically quantifies the alignment between image-grounded
evidence and auxiliary knowledge by combining two complementary signals: (1) an uncertainty-
oriented assessment derived from ensemble-based caption generation, and (2) a semantic similarity
evaluation that measures the coherence between generated captions and ground-truth descriptions.
This dual-view estimation allows SENSEALIGN to differentiate contextually compatible knowledge
from misleading or overly generic information, thereby enabling more reliable reasoning.

The proposed framework demonstrates that knowledge sources—both implicit representa-
tions from multimodal pre-trained models and explicit relational structures from external KBs—are
not uniformly beneficial; rather, their contributions depend on whether they align with the vi-
sual–linguistic context of the target question. Through uncertainty-aware weighting and adaptive
fusion, SENSEALIGN moderates knowledge utilization in a principled and interpretable manner, effec-
tively mitigating semantic drift and over-reliance on noisy knowledge. Extensive experiments confirm
that SENSEALIGN achieves state-of-the-art performance on OK-VQA, validating the central role of
semantic consistency in improving reasoning reliability.

Looking forward, several promising research avenues emerge. First, current semantic inconsis-
tency estimation is based primarily on caption uncertainty and sentence-level embedding similarity.
Future work may extend this to finer-grained, token- or region-level alignment signals, enabling
more localized conflict detection such as object-attribute mismatches or spatial relation inconsisten-
cies. Second, external knowledge bases differ widely in granularity, domain coverage, and relational
structure; thus, exploring KB-specific consistency models—e.g., structural validation for graph-based
KBs or entailment-based verification for commonsense corpora—may further improve alignment and
selective integration. Third, it would be valuable to investigate the integration of logical reasoning
or neuro-symbolic inference mechanisms that explicitly penalize contradictions or unsupported in-
ferences. Combining symbolic constraints with data-driven uncertainty signals may offer a more
comprehensive framework for trustworthy multimodal reasoning. Finally, scaling SENSEALIGN

to more challenging settings—including multi-image reasoning, video-based QA, and long-form
multimodal dialogue—will deepen its applicability to real-world systems that require dynamic and
context-sensitive knowledge utilization.

Overall, this study highlights the importance of actively managing semantic consistency when
incorporating external knowledge, and we believe that SENSEALIGN provides a foundational step
toward more interpretable, knowledge-aware, and reliable multimodal AI systems.
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