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Abstract—Multimodal large language models (LLMs) enable
unified understanding across diverse data modalities such as
images, audio, video, and text by projecting them into a shared
embedding space. However, existing approaches predominantly
rely on image-centric supervision and uncalibrated softmax-based
confidence estimates, leading to semantically weak embeddings,
modality imbalance, and overconfident predictions that do not
reflect true correctness. This limitation reduces the reliability of
multimodal systems in decision-critical applications. To address
these challenges, we propose a modality-agnostic multimodal
learning framework that jointly integrates representation learn-
ing with confidence calibration, uncertainty estimation, and a
confidence-aware fallback mechanism. The framework employs
semantically grounded multimodal alignment, temperature scal-
ing for post-hoc calibration, and entropy-based uncertainty mod-
eling to improve confidence reliability. In contrast to prior work
that treats calibration independently, our approach incorporates
confidence estimation directly into the multimodal pipeline and
leverages cross-modal reasoning through a fallback mechanism
to validate low-confidence predictions. We evaluate the proposed
framework on image and video modalities using benchmark
datasets, including CIFAR-100 and an action recognition dataset.
Performance is assessed using Expected Calibration Error (ECE),
reliability diagrams, and prediction accuracy. Experimental
results demonstrate a significant improvement in calibration
quality, with ECE reduced from 0.1054 to 0.0438, alongside
improved alignment between predicted confidence and empirical
accuracy. Additionally, the fallback mechanism enhances robust-
ness by reducing incorrect high-confidence predictions. These
results indicate that the proposed framework not only improves
predictive performance but also produces trustworthy and well-
calibrated confidence estimates, enabling reliable deployment of
multimodal Al systems in real-world, decision-critical scenarios.

Keywords—Multi modal learning, Semantic embeddings, Con-
trastive representation learning, Confidence Calibration, Uncer-
tainty Estimation, Vision language models.

I. INTRODUCTION

Multimodal learning has improved many tasks by combining
information from text, images, and video in a shared repre-
sentation space. This setting supports classification, retrieval,
and zero-shot inference. However, strong prediction accuracy
alone is not enough for practical use. A multimodal system
should also know when its prediction is reliable and when it is
uncertain. This need is important because many current systems

still produce overconfident predictions. In practice, softmax
scores are often used as confidence values, but these scores do
not always match the true likelihood of correctness. The problem
becomes more serious in multimodal settings, where errors from
one modality can affect the final decision. As a result, a model
may appear confident even when the input is ambiguous or the
prediction is wrong. Most existing multimodal methods focus
on representation learning and task accuracy, but they give much
less attention to reliability. In many pipelines, predictions from
retrieval, classification, or reasoning modules are used directly
without a clear verification step. This limits robustness and
interpretability, especially when the data are noisy, incomplete,
or semantically inconsistent. For real-world use, multimodal
systems need not only strong features, but also calibrated confi-
dence and a clear way to handle uncertain cases. To address this
issue, we propose a confidence-aware multimodal framework for
reliable inference. The framework first learns aligned visual and
semantic representations with a pretrained multimodal encoder.
It then improves prediction reliability through temperature
scaling and entropy-based uncertainty estimation. When the
model is not confident, a fallback mechanism uses cross-modal
reasoning to re-check the prediction. This design supports both
zero-shot inference and supervised fine-tuning while keeping the
decision process more transparent. The main contribution of this
work is a simple unified framework that combines representation
learning, confidence calibration, uncertainty estimation, and
fallback validation in one pipeline. The goal is not only to
improve prediction quality, but also to make the output easier to
trust in decision-critical settings.

II. RELATED WORK

Recent work in multimodal learning has mainly focused on
mapping different data types into a shared embedding space for
unified semantic understanding. CLIP [1] is a key example. It
showed that large-scale contrastive learning can align images
and text effectively and support strong zero-shot performance.
Building on this idea, ImageBind [2] extended shared represen-
tation learning to more modalities and showed that a common
embedding space can support broader multimodal reasoning.



These studies established shared embedding learning as a central
direction in multimodal research.

Later work expanded this contrastive framework to additional
domains. AudioCLIP [3]] added audio to the vision-language
space and improved cross-modal alignment across sound, image,
and text. VideoCLIP [4] aligned video and text with temporal
modeling, which improved performance in video understanding
tasks. In the 3D setting, PointCLIP [5|] adapted pretrained
vision-language models to point cloud data through multi-
view projection. Together, these methods show that shared
embedding learning can scale well across different modalities.
However, they still rely mainly on similarity-based inference.
They improve feature quality, but they do not directly measure
whether a final prediction is reliable or uncertain.

Another issue in this line of work is modality imbalance.
Many multimodal systems are still built around image-centered
supervision or image-text alignment, even when they are
extended to other modalities. This design often improves per-
formance, but it can also make it harder to support balanced and
symmetric reasoning across modalities. More recent methods
try to reduce this limitation. UniBind [6], for example, intro-
duces modality-agnostic embedding centers built from LLM-
generated textual descriptions. This design improves semantic
consistency across heterogeneous inputs and supports both zero-
shot and fine-tuned settings. Even so, the main focus remains
representation quality. The downstream prediction stage still
lacks an explicit mechanism to decide whether a model output
should be trusted.

This gap is important because real multimodal systems often
work with noisy, incomplete, or semantically inconsistent inputs.
In such cases, strong embeddings alone are not enough. A model
may still produce a confident answer even when the input is
ambiguous or the evidence across modalities is weak. As a
result, better representation learning does not automatically lead
toreliable inference. This motivates the need to study confidence
and uncertainty together with multimodal alignment, rather than
as separate problems.

Separate from multimodal representation learning, another
line of work studies confidence calibration and uncertainty
estimation in neural networks. Guo et al. [7] showed that
modern deep models are often poorly calibrated and introduced
temperature scaling as a simple post-hoc solution. Their work
showed that predicted probabilities may look confident even
when they do not match true correctness. Temperature scaling
became widely used because it is simple, effective, and easy
to apply after training. However, most calibration methods were
developed for unimodal classification settings and are not tightly
integrated into multimodal inference pipelines.

Ovadia et al. 8] further showed that uncertainty estimates can
degrade under distribution shift, which limits their reliability
in practical settings. This result is especially important for
multimodal systems, where the input may vary widely across
domains, data quality, and modality combinations. In vision-
language systems, the problem can become even more serious,
since models may generate high-confidence outputs that are
semantically wrong or hallucinated. These findings suggest that

confidence estimation should not be treated as a small post-
processing step only. It should be connected to the full inference
process.

To improve reliability at inference time, prior studies have
explored selective prediction and confidence-aware decision
strategies. SelectiveNet [9] allows a model to abstain from
prediction when confidence is low by learning prediction and
selection jointly. Deep Gamblers [10] uses a related idea by
assigning probability mass to an abstention option. These
methods improve caution in uncertain cases, but they are still
mostly designed for single-model prediction settings. They do
not fully use cross-modal evidence to verify an answer or revise
a weak prediction through additional reasoning.

Recent studies on large language models also examine confi-
dence estimation in more complex settings. Sun et al. [|11]] study
confidence scoring for dialogue state tracking using softmax-
based, token-level, verbalized, and combined signals, with
additional self-probing and fine-tuning. Their results show that
confidence modeling can improve reliability, but the method also
adds computational overhead and model dependency. Spathar-
ioti et al. [12]] analyze how LLM-based search affects human
decisions and show that faster decisions may also increase over-
reliance on model outputs. This work highlights the practical
importance of trust calibration in human-Al settings.

Overall, existing multimodal methods mainly improve repre-
sentation learning, while calibration and uncertainty are usually
studied as separate problems. Selective prediction methods add
caution, but they do not fully use cross-modal signals to verify
uncertain outputs. Recent LLM confidence studies provide
useful ideas, but they are not designed as unified multimodal
inference frameworks. Therefore, there is still a need for a simple
framework that combines multimodal representation learning
with calibrated confidence, uncertainty estimation, and cross-
modal validation during inference.

III. METHODOLOGY

A. Multi modal Input Representation and Prepossessing

The proposed framework operates on visual inputs and
their corresponding semantic representations, forming a vision-
language multi modal system. Unlike general multi modal
pipelines that incorporate video or temporal data, this work
focuses on static visual inputs augmented with semantic rea-
soning to ensure reliability-aware inference. Prior to inference,
modality-specific preprocessing is applied to ensure consistency
and compatibility with pretrained models. For the visual
modality, input images are transformed into standardized tensor
representations through resizing and normalization, following
the requirements of the underlying feature extraction backbone.
This step reduces variability arising from heterogeneous im-
age dimensions and stabilizes feature extraction. In parallel,
auxiliary semantic representations are generated using vision-
language models, which convert visual content into descriptive
textual cues. These semantic signals capture high-level contex-
tual information and are later utilized for cross-modal validation
and fallback reasoning.



B. Modality-specific Feature Extraction

The modality-specific encoders are employed to extract
discriminative feature representations from each modality. For
the visual branch, a pretrained deep neural network is used to
extract high dimensional feature embeddings:

¢(x) € R )

where ¢(x) denotes the embedding of the input image x, and
d =2048.

These embeddings capture both structural and sematic infor-
mation and serve as the primary representation for classification,
similarity-based retrieval, and evidence-aware validations. In
addition, sematic representations derived from vision-language
models provide complementary information, enabling a richer
multi modal representation.
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Fig. 1: Downstream inference framework leveraging shared embeddings for both
zero-shot classification via center-based similarity and supervised fine-tuning
through a trainable classification head.

C. Shared Embedding Learning for cross-modal alignment

To ensure cross-modal consistency, visual and sematic rep-
resentations are aligned within a shared embedding space. Let
¢(x) and ¥ (x) denote the visual and semantic embeddings,
respectively. These representations are projected into a common
latent space using learnable transformations:

2 =g (d(x), 2™ = g (W (x)) 2)

where g, () and gg(-) are modality-specific projection func-
tions. The projected embeddings are subsequently normalized
and compared using similarity measures to capture semantic
correspondence across modalities. This alignment allows cross-
modal agreement to serve as an additional reliability signal,
complementing the primary model predictions. To enable flexi-
ble downstream inference, the shared embeddings for both zero-
shot and fine-tuning paradigms. In zero-shot branch, class-level
representations are formed using a center bank and predictions
are obtained via similarity matching. In parallel, the fine-tuning
branch employs a trainable classification head optimized using
labeled data. This dual-branch design allows the framework to
operate in both data-scarce and supervised settings.

D. Base Prediction and Softmax-Based Confidence Estimation

The base prediction is generated using a fully connected linear
classification layer operating on the visual embeddings extracted

from the pretrained ResNet50 backbone. This layer maps the
2048-dimensional feature representation to a k-dimensional
logit vector, wherek is the number of target classes. Let z € RK
denote the logits produced prior to softmax normalization. The
initial probability distribution is computed as:

exp(zi)

pi= el 3)
2K exp(z))

The predicted label is obtained as:
9 = argmax p; 4)
L

Although softmax probabilities provide an initial estimate of
prediction confidence, they are often poorly calibrated and
may not accurately reflect true likelihoods. Consequently, these
probabilities are treated as preliminary estimates and are sub-
sequently refined through calibration and uncertainty modeling
techniques. The calibrated probablity distribution obtained from
the logits is then utilized for uncertainty quantification and
served as a key input for downstream reliability-aware decision-
making within the proposed framework.
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Fig. 2: Overview of the proposed reliability-aware vision-language inference
framework. The pipeline consists of base prediction, reliability assessment
through confidence calibration and uncertainty estimation, and fallback vali-
dation for robust final decision-making.
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E. Temperature Scaling for Calibration

Address the prevalence of overconfident predictions ,we
utilize temperature scaling, a post-hoc calibration methodology
designed to refine the distribution of softmax outputs.The result
calibrated probabilities are formulated as follows:

(ry _ ©XP (ZT)
i = :
2o (7)
In this expression, T > 0 denotes a learnable scalar temperature
parameter,which is typically optimized using a held-out valida-

tion set to ensure effective calibration. When T > 1, the proba-
bility distribution is softened, thereby mitigating overconfident
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output scores.Conversely, values if 7 < 1 result in a sharpening
of the distribution across categories. Notably,temperature scal-
ing maintains the original predictive ranking of the model while
significantly enhancing the alignment between the predicted
confidence levels and the observed empirical accuracy.

F. Uncertainly Quantification

In addition to confidence estimation,we incorporate entropy-
based uncertainty modeling to assess prediction variability.
The predictive entropy,derived from the calibrated probability
distribution p,is formulated as follows:

K
H(p) =~ pilogpi (©6)
i=1

In this context,entropy serves as a quantitative measure
of precipitin uncertainty:Low entropy indicates a confident
and peaked distribution.High entropy signifies uncertain and
diffuse predictions. This metric facilitates the identification of
unreliable outputs and provides essential data for downstream
decision-making, particularly within safety-critical environ-

ments.

G. Calibration Evaluation Metrics

To rigorously assess the efficacy of the calibration process,
we employ two conventional metrics that quantify the align-
ment between predictive confidence and empirical correctness.
Excepted Calibration Error(ECE): The ECE serves as a
quantitative measure that characterize the discrepancy between
predicted confidence levels and observed accuracy by partition-
ing the predicting space into discrete bins as follows:

M
ECE = Z “fv—m| lacc(Bp,) — conf(By,)| Q)
m=1

In this formulation, B,, represents the subset of samples assigned
to the m-th bin,while N denotes the aggregate number of samples
within the evaluation set. Reliability Diagrams: Reliability
Diagrams provide a visual representation of calibration per-
formance by plotting predicted confidence against empirical
accuracy.ldeally, the data points align with the diagonal identify
line;conversely, significant deviations from this trajectory reveal
systemic overconfidence or under confidence.

Collectively,these evaluative frameworks offer both qualita-
tive insights into robustness and reliability of model’s predictive
uncertainty.

H. Confidence-Aware Fallback Mechanism

A central contribution of the work is the introduction of
confidence-aware fallback mechanism designed to enhance ro-
bustness under low-contribution conditions. When the calibrated
confidence falls below a predefined threshold(e.g.0.60),the
system activates an auxiliary reasoning pipeline: CLIP-
based zero-shot classification is used to re-evaluate pre-
dictions.Vision-language querying(VQA-style) is employed
to validate outputs through semantic reasoning.Image-text
similarity scoring is used ensure cross modal consistency. Ad-
ditionally,BLIP-based captioning is incorporated to generate

descriptive textual representations, which are evaluated using
both token-level probabilities and semantic similarity scores.
This multi-stage fallback process enables the system to cross-
validate predictions across modalities, thereby reducing the
likelihood of incorrect high-confidence outputs.

1. Multi-modal Decision Integration

The final prediction is obtained by integrating outputs from
multiple modalities along with their calibrated confidence
and uncertainly measures.The system produces:Predicted la-
bel, Calibrated confidence score,Entropy-based uncertainty,
Fallback validated outcome This holistic integration ensures
that predictions are not only accurate but also interpretable
and trustworthy,which is essential for deployment in decision-
critical applications.

J. Implementation Considerations

The Framework is implemented using PyTorch-based models
with modular pipelines for each modality.Efficient prepro-
cessing strategies, including uniform sampling and batch-wise
inference ,are employed to balance computational sampling and
batch-wise inference,are employed to balance computational
coast and performance. Despite the added complexity of cali-
bration and fallback mechanisms, the system maintains practical
inference efficiency suitable for real-world applications.

IV. EXPERIMENTS AND RESULT
A. Experimental Setup

To evaluate the effectiveness of the proposed confidence-
aware multimodal framework, we conduct experiment across
image and video modalities. Image Modality:CIFAR-100
dataset processed using a ResNet backbone.Video Modal-
ity: Action recognition dataset processed using R3D-18 3D
CNN. Fallback Models: CLIP(zero-shot classification) and
BLIP (image captioning).Calibration Method: Temperature
scaling applied to logits.Evaluation Metrics: Expected Cali-
bration Error(ECE),Reliability Diagrams, Prediction confidence
consistency,Entropy-based uncertainty.

The evaluation focuses on both predictive performance and
confidence reliability, ensuring that model outputs are not only
accurate but also trustworthy.

ECE pre-calib: ©.1054
ECE post-calib: 6.6438
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Fig. 3: Calibration improvement via temperature scaling



B. Effect of Temperature Scaling on Calibration

We first analyze the impact of temperature scaling on model
calibration.

Before calibration, the models exhibits systematic overconfi-
dence,where predicted probabilities significantly exceed empir-
ical accuracy.This is evident in reliability diagrams, where data
points lie consistently below the diagonal, indicating inflated
confidence estimates.After applying temperature scaling , the
confidence distribution becomes more aligned with true cor-
rectness.Specifically:Confidence values becomes less extreme
and more representative of actual performance.The reliability
curve shifts closer to the ideal diagonal.Overconfidence is
significantly reduced Quantitatively, the Expected Calibration
Error(ECE) improves from: ECEpefore = 0.1054 — ECEyfier =
0.0438.This substantial reduction confirms that temperature
scaling effectively enhances the reliability of model predic-
tions.Show orange(before) vs green(after)

C. Confidence-Accuracy Alignment Analysis

To further validate calibration quality, we analyze the rela-
tionship between predicted confidence and actual accuracy. An
uncalibrated model typically exhibits overconfident behavior ,
predicting high confidence values(e.g,95%) while the actual cor-
rectness is significantly lower (approx 80%),thereby indicating
misleading certainty. In contrast, a calibrated model produces
confidence estimates that closely align with observed accuracy.
For instance , a prediction with 85% confidence corresponds to
an actual correctness of approx 85%, demonstrating improved
reliability and trustworthiness of the model’s probabilistic
outputs.

The alignment demonstrates that the proposed calibration
pipeline transforms confidence scores into meaningful proba-
bilistic estimates, which are critical for decision-making sys-
tems.

D. Entropy-Based Uncertainly Evaluation

We evaluate the role of entropy as a measure of predictive un-
certainty.Low entropy Predictions correspond to sharply peaked
distributions and high confidence.High entropy Predictions
indicates ambiguous or uncertain outputs.

Entropy serves as an effective indicator for detecting unreli-
able predictions ,particularly in cases where confidence alone
may be insufficient.Furthermore, entropy is used as a trigger
signal for activating the fallback mechanism,enabling adaptive
system behavior under uncertainty.

E. Multi modal Confidence Consistency

We assess whether the proposed framework maintains consis-
tent confidence estimates across modalities. In video classifica-
tion tasks, the system produces:Predicted action label,Calibrated
confidence score.Top-k probability distribution,entropy-based
uncertainty.

A representative example demonstrates: Predicted class:
Table Tennis shot and Confidence score:0.9152 and Entropy:low
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Fig. 4: This Show structured output and highlight consistency.

(indicating high certainty) To validate this prediction,a VQA-
based query is issued ,yielding: Response:”yes” and Con-
fidence:consistent with primary prediction. This agreement
across classification and reasoning modules highlight the cross-
modal consistency of the proposed system.

F. Effectiveness of confidence-Aware Fallback Mechanism

We evaluate the robustness of the fallback mechanism under
low-confidence conditions. When the primary model produces
confidence below a predefined threshold(e.g.,0.60):CLIP per-
forms zero-shots classification.VQA queries validate seman-
tic correctness.BLIP generates captions for additional veri-
fication.This multi-stage validation provides:Redundancy in
decision-making ,cross-modal verification.Reduced likelihood
of incorrect predictions.

Empirical observations indicate that the fallback mechanism:
corrects uncertain predictions.improves reliability in ambiguous
cases,Enhances interoperability through textual explanations.

G. Image Captioning Analysis

We further evaluate confidence estimation in image cap-
tioning using BLIP. The final caption confidence is computed
as a combination of, Token-level log probabilities,Image-text
similarity scores(via CLIP). As shown in Fig[3] the generated
caption is ”A dolphin jumping out of the water” and we got
the confidence score 0.99. This demonstrates that the system
is capable of assigning quantifiable confidence to generative
outputs , extending beyond classification tasks.

Top-5

Pred: dolphin (p=0.99)

107 107 10
Calibrated probability (log scale)

Fig. 5: Image Caption + Confidence Visualization

H. Top-K probability Distribution Analysis

To better understand prediction behavior, we analyzer the
Top-5 probability distribution after calibration. The distribution
becomes smother and less peaked.secondary classes retain



meaningful probabilities.Improves interpretability of model
outputs. This reflects a more realistic representation of model
uncertainty and reduces the risk of overconfident misclassifica-
tions.

V. LiMmITATION

The Proposed framework has several limitations. It is highly
sensitive to LLM prompt design small variations in phrasing
can lead to inconsistent representation and affect downstream
performance. The fallback mechanism uses a fixed confidence
threshold, which is manually chosen and does not adapt to
input complexity or modality specific uncertainty. Temperature
scaling relies on a global parameter, which is insufficient for
multimodal settings with heterogeneous uncertainty, reducing
calibration robustness under distributions shifts. Dependence
on multiple external models(e.g. CLIP, BLIP, VQA) increases
latency and introduces error propagation, as these components
are not jointly optimized.

VI. DiscussioN AND CONCLUSION

The experimental results demonstrate that the proposed
modality-agnostic framework effectively addresses key limita-
tions of existing multimodal systems, particularly with respect to
representation quality and confidence reliability. The integration
of temperature scaling significantly improves the alignment
between predicted confidence and empirical accuracy, resulting
in more reliable and well-calibrated predictions. Entropy-based
uncertainty modeling, combined with confidence estimation,
enables the identification of ambiguous predictions and provides
a more comprehensive characterization of uncertainty beyond
single-point confidence measures. Furthermore, the incorpora-
tion of a confidence-aware fallback mechanism enhances system
robustness by validating low-confidence predictions through
cross-modal reasoning, thereby reducing erroneous outputs.
The framework ensures multimodal consistency by learning
semantically aligned representations across text, image, and
video modalities, enabling coherent reasoning. In contrast to
conventional image-centric approaches, the proposed method
produces calibrated and semantically grounded predictions,
making it suitable for decision-critical applications. Overall,
the approach achieves its objective of integrating semantic
alignment, confidence calibration, uncertainty quantification,
and robust validation into a unified system, leading to improved
performance and trustworthiness. Future work may focus on im-
proving interpretability through feature-level alignment analysis
and extending the framework to support multi-class prediction.
Additional directions include adaptive calibration strategies and
scalable methods for real-time multimodal inference.
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