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ABSTRACT: Multimodal large language models (MLLMs) can generate fluent visual responses even
when the underlying visual prediction is weak, ambiguous, or incorrect. This work presents a retrieval-
augmented reliability-aware selective inference method that evaluates the strength and consistency
of visual evidence before a prediction is communicated through a downstream multimodal response.
A pretrained ResNet-50 encoder extracts normalized visual embeddings, and FAISS retrieves the
top-k reference images from an ImageNet-100 evidence database. Prediction reliability is assessed
using retrieval similarity, class-support agreement, evidence margin, entropy-based uncertainty, and
an aggregate reliability score. A decision gate then determines whether the prediction should be
accepted, presented cautiously, or rejected through abstention or fallback. The selected decision is
used to control the final user-facing response generated by the model. Experiments on ImageNet-100
show that the proposed method improves the accuracy of returned predictions from 85.84% to 88.88%
at 89.04% coverage. The accepted error rate decreases from 14.16% to 11.12%, corresponding to a
3.04-percentage-point absolute reduction and a 21.48% relative reduction. Expected Calibration Error
decreases from 7.40% to 5.87%, while high-reliability wrong predictions decrease from 263 to 226.
These results demonstrate the potential of retrieval-derived evidence and selective decision gating as
a post-hoc reliability mechanism for controlling visual predictions before they are incorporated into
multimodal responses. The current evaluation is conducted in a controlled visual-classification setting
and does not constitute a complete assessment of free-form MLLM hallucination.

KEYWORDS: Multimodal large language models, visual classification, selective prediction, retrieval-

augmented inference, reliability estimation, uncertainty estimation, abstention.

1. Introduction

Multimodal Large Language Models (MLLMSs) have
significantly advanced vision-language understanding by
combining visual encoders with large language models to
interpret images and generate natural-language responses.
These systems support task such as image description,
visual question answering, cross-model retrieval, and mul-
timodal reasoning. Their ability to communicate visual
interpretations in fluent language makes them increasingly
useful in user-facing applications. However, fluent and
confident responses do not necessarily indicate that the un-
derlying visual interpretation is correct. When an image is
ambiguous, degraded, visually similar to several categories,
or insufficiently represented in the available reference data,
an incorrect prediction may still be communicated in a
convincing manner.

A major source of this reliability problem is the always-
answering behavior of many visual and multimodal sys-
tems. Such systems are generally designed to return a
prediction for every input, even when the available evi-
dence is weak or conflicting. Internal confidence scores
and softmax probabilities are commonly used as indicators

of certainty, but they may be poorly calibrated and may not
correspond to an incorrect prediction, particularly for visu-
ally similar classes, uncertain samples, degraded images,
or inputs that differ from the reference distribution.

Selective inference provides a practical alternative to
this behavior by separating prediction generation from
prediction acceptance. Instead of treating every predic-
tion as equally trustworthy, a selective system evaluates
whether sufficient evidence is available before returning
an answer. Predictions supported by string and consistent
evidence can be accepted, partially supported by string and
consistent evidence can be accepted, partially supported
predictions can be communicated cautiously, and weak
or conflicting cases can be rejected through abstention or
fallback. This introduces a reliability-coverage trade off
in which the system may sacrifice a limited amount of
coverage to improve the correctness and trustworthiness of
the outputs it returns.

Retrieval-augmented inference offers an interpretable
source of external visual evidence for this decision process.
Rather than evaluating a query image in isolation, a sys-
tem can retrieve visually similar reference examples and
examine whether the retrieved neighborhood consistently
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supports a particular class. However, retrieval alone does
not guarantee correctness. Retrieved examples may be
only weakly similar, divided across competing classes, or
systematically unrelated to the true content of the query.
Therefore, both the strength and the internal consistency of
the retrieved evidence must be evaluated before it is used
to justify a final prediction.

This work presents a retrieval-augmented reliability-
aware selective inference method for visual classification. A
pretrained ResNet-50 encoder is used to extract normalized
visual embeddings, and FAISS is used to retrieve the top-k
nearest reference examples from an ImageNet-100 evidence
database. The retrieved neighborhood is evaluated using
top similarity, mean similarity, class-support agreement,
evidence margin, entropy-based uncertainty, and an ag-
gregate reliability score. These signals are then processed
by a decision gate that determines whether the predic-
tion should be accepted, presented cautiously, or rejected
through abstention or fallback. The method therefore does
not automatically return the class with the highest retrieved
support instead, it first evaluates whether the supporting
evidence is sufficiently strong and consistent.

In this study, reliability refers to an operational, instance-
level assessment of the quality of retrieved visual evidence,
It is used to determine how the system should responds
to an individual query. This meaning differs from a statis-
tical confidence interval or a hypothesis-test significance
level. Statistical confidence intervals quantify uncertainty
in aggregate estimates, while significance tests evaluate
evidence against a statistical null hypothesis. The retrieval-
based reliability score instead supports an inference-time
decision for a single input and should not be interpreted
as a statistical confidence level, posterior probability, or
grantee of correctness.

The reliability decision is also connected to a down-
stream multimodal response-generation component. When
the evidence is strong and class-consistent, the predicted
class can be communicated directly. When the evidence
is partially supportive, the response is expressed using
caution-aware language. When the evidence is weak or
conflicting, the system avoids making definitive class claim
and returns and abstention or fallback response. This com-
ponent demonstrates how selective visual inference can be
incorporated into a user-facing multimodal interface.

The quantitative evaluation is conducted in a con-
trolled ImageNet-100 visual classification setting. This
setting makes it possible to measure prediction correctness,
accepted accuracy, accepted error, coverage, abstention,
calibration, and high-reliability wrong predictions. The
present study does not directly evaluate free-form image
captioning, visual question answering, or all forms of gen-
erative hallucination in MLLMs. Instead, it investigates
whether retrieval-derived evidence can help identify visual
predictions that should not be confidently returned. The
downstream multimodal response layer should therefore
be interpreted as a proof of concept application of the se-
lective visual decision rather than a complete multimodal
hallucination-mitigation evaluation. This contribution of
this work lies in the coordinated use of retrieval-based evi-
dence, uncertainty indicators, and selective decision control
within an interpretable post-hoc inference procedure. Al-
though nearest-neighbor retrieval, entropy, evidence mar-

gins, and selective prediction are established concepts, the
proposed method integrates them to evaluate whether a
retrieved neighborhood provides sufficient support for a
returned prediction. The experimental analysis examines
the resulting reliability coverage trade-off, the differences
between accepted and rejected samples, and the potential
of evidence gated visual inference as a starting point for
more reliable multimodal response systems.

2. Related Work

Multimodal Large Language Models (MLLMSs) have
become an important research direction because they com-
bine visual perception with language-based reasoning.
Earlier vision-language models focused on learning joint
image-text representations for tasks such as image clas-
sification, image captioning, cross-modal retrieval, and
visual question answering. Contrastive image-text pre-
training methods such as CLIP demonstrated that visual
concepts can be aligned with natural-language supervision
and transferred effectively to downstream recognition tasks
[1]. More recent multimodal systems, including LLaVA,
BLIP-2, InstructBLIP, Flamingo, and MiniGPT-4, extend
this capability by connecting pretrained visual encoders
with large language models for open-ended visual instruc-
tion following and natural-language response generation
[2,3,4,5,6]

Although these models have shown strong performance
across vision-language tasks, their fluency does not al-
ways guarantee reliability. Since the final output is often
expressed in natural language, users may interpret the
response as grounded and trustworthy even when the
underlying visual evidence is insufficient. This creates
a critical challenge for applications where the system is
expected not only to generate a plausible response, but also
to determine whether the response is visually supported.
Therefore, reliability estimation has become an important
requirement for trustworthy multimodal inference.

A major limitation of current MLLMs is visual hallu-
cination, where the generated response includes objects,
attributes, relationships, or semantic claims that are not
sufficiently supported by the input image. Early studies
on image captioning showed that models can hallucinate
objects even when they are absent from the scene [7]. More
recent studies have demonstrated that hallucination re-
mains a persistent issue in large vision-language models,
especially when the image contains ambiguous visual cues,
fine-grained categories, or semantically similar objects
[8,9,10, 11].

The problem becomes more serious when hallucinated
or incorrect outputs are produced with high confidence. In
practical settings, an uncertain answer may be acceptable
if the system clearly communicates uncertainty. However,
an incorrect answer presented as confident can mislead
users and reduce trust in the model. Many multimodal
systems are designed to answer every input, even when the
available evidence is weak or conflicting. As a result, there
is a need for inference-time mechanisms that can identify
unsupported or confidently incorrect visual predictions
before they are converted into final user-facing responses.

Retrieval-augmented methods provide a useful direc-
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tion for improving grounding and interpretability. In natu-
ral language processing, retrieval-augmented generation
uses external documents or memory to support generated
answers [12, 13]. Similar principles can be applied to visual
inference by retrieving nearest-neighbor examples from a
reference image database. In this setting, retrieved exam-
ples serve as external visual evidence that can be compared
with the query image. Deep nearest-neighbor methods
have shown that examples retrieved from representation
space can provide interpretable support for model predic-
tions [14]. Efficient similarity search tools such as FAISS
[15] and the random projection forests based kNN search
algorithm [16] make it possible to retrieve evidence from
large-scale embedding databases during inference.

However, retrieval alone does not guarantee reliability.
A system may retrieve visually similar examples, but the
evidence may still be weak, mixed across multiple classes,
or semantically ambiguous. Therefore, retrieved evidence
must be evaluated before it is used to support a final predic-
tion. This motivates the use of evidence-based reliability
estimation to determine whether the retrieved examples
provide reliable support for the predicted class.

Confidence calibration is closely related to trustworthy
inference. Modern neural networks are often miscalibrated,
meaning that their predicted confidence scores do not al-
ways match empirical correctness [17]. A model may assign
high confidence to an incorrect prediction, especially un-
der visual ambiguity, class similarity, or distribution shift.
Calibration methods such as temperature scaling aim to
reduce this mismatch by aligning predicted probabilities
with observed accuracy. Expected Calibration Error (ECE)
is commonly used to measure the gap between confidence
and correctness across confidence intervals.

Uncertainty estimation methods provide additional
tools for identifying unreliable predictions. Bayesian ap-
proximations, dropout-based uncertainty, deep ensembles,
and related approaches estimate when a model is likely to
be uncertain or wrong [18, 19, 20]. While these methods
are valuable, they may require architectural modifications,
additional training, or multiple forward passes. For large
multimodal systems, such requirements may be computa-
tionally expensive. In contrast, retrieval-based reliability
estimation can be implemented as a post-hoc inference
layer that evaluates prediction trustworthiness without
retraining the underlying multimodal model.

Selective prediction allows a model to abstain when
confidence or evidence is insufficient [21]. Instead of forc-
ing a prediction for every input, selective systems trade
coverage for reliability. This principle is important for
trustworthy artificial intelligence because abstaining from
uncertain cases is often preferable to producing confident
errors. Existing selective classification methods typically
rely on confidence thresholds or uncertainty estimates.
However, in multimodal visual inference, decision making
can be strengthened by incorporating external evidence
consistency. A reliability-aware decision gate can evaluate
whether retrieved examples strongly support the predicted
class, whether competing classes receive similar support,
and whether the evidence distribution is uncertain.

The present study builds on prior work in visual repre-
sentation learning, nearest-neighbor retrieval, confidence
calibration, uncertainty estimation, and selective predic-

tion. The individual components used in the proposed
method are established techniques. Nearest-neighbor re-
trieval provides interpretable reference examples, similarity
scores measure visual proximity, entropy and evidence mar-
gins characterize neighborhood uncertainty, and selective
prediction allows a system to abstain when the available
evidence is insufficient.

The contribution of this work lies in coordinating these
components within an interpretable post-hoc decision pro-
cedure. Unlike an always-answering retrieval classifier, the
proposed method evaluated the strength and class consis-
tency of the retrieved neighborhood before determining
whether a prediction should be returned. The retrieved
examples are therefore used not only to generate a class
prediction, but also to control whether the prediction is
accepted, communicated cautiously, or rejected through
abstention or fallback.

The proposed method differs from conventional
confidence-thresholding approaches by using several
retrieval-derived evidence signals rather than relying on
a single model probability. These signals include top and
mean similarity, class-support agreement, evidence margin,
entropy, and aggregate reliability. However, because all
of these indicators are derived from the same retrieved
neighborhood, they should not be interpreted as indepen-
dent evidence sources. Their combined use provides a
structured assessment of retrieval strength and consistency,
but it does not independently guarantee that the retrieved
neighborhood is semantically correct.

Direct numerical comparison with generative MLLM
hallucination-mitigation methods is not included because
those methods operate on free form natural language gener-
ation and are commonly evaluated using image captioning,
visual question answering or multimodal hallucination
benchmarks. The present study instead evaluates closed set
visual classification and selective acceptance on ImageNet-
100. Because the tasks, output spaces, and evaluation
measures differ, a direct numerical comparison would not
represent an equivalent experimental setting. The baseline
used in this work therefore isolates the effect of the pro-
posed decision gate by comparing the same retrieval based
classifier with and without selective reliability control.

3. Methodology

This section presents the retrieval-augmented reliability-
aware selective inference method used to evaluate whether
a visual prediction is sufficiently supported before it is re-
turned. The method separates prediction generation from
prediction acceptance. A class prediction is first produced
from retrieved visual evidence, but it is returned only
when the retrieved neighborhood satisfies the required
evidence-strength and consistency conditions. Predictions
with partially supportive evidence are communicated cau-
tiously, while predictions with weak or conflicting evidence
are rejected through abstention or fallback.

The methodology is organized into three parts. First, the
data source and preprocessing procedure are described, in-
cluding the ImageNet-100 reference database, image trans-
formations, feature extraction, and embedding normaliza-
tion. Second, the retrieval and selective-inference proce-
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dure is presented, including FAISS-based nearest-neighbor
search, class-support aggregation, reliability-signal com-
putation, and decision control. Third, the evaluation pro-
tocol defines accepted accuracy, accepted error rate, cov-
erage, abstention rate, Expected Calibration Error, and
high-reliability wrong predictions.

The method is evaluated as a controlled visual-
classification procedure. The downstream multimodal
response component demonstrates how the resulting de-
cision may control the wording of a user-facing response,
but the quantitative evaluation is based on visual predic-
tions and selective acceptance rather than free-form MLLM
hallucination.

3.1. Data Source and Preprocessing Pipeline
3.1.1. Dataset and Evidence Database Split

The experiments use ImageNet-100 as a controlled
visual-classification dataset. Approximately 130,000 im-
ages from the ImageNet-100 training split are used to con-
struct the external visual evidence database, while 5,000
images from the validation split are used for quantitative
evaluation.

The reference database contains the visual embeddings,
class labels, and file paths of the training images. During
evaluation, each validation image is treated as a query and
compared with the reference database to retrieve visually
similar examples. The known validation labels make it pos-
sible to determine whether the retrieval-based prediction
is correct and whether the selective decision mechanism
appropriately accepts or rejects the prediction.

ImageNet-100 provides a controlled setting in which
the reference classes and ground-truth labels are available.
However, it represents a closed-set classification task and
does not capture the complete open-world complexity of
multimodal systems. The experiment should therefore be
interpreted as a proof-of-concept evaluation of retrieval-
based selective inference.

3.1.2. Image Preprocessing

Each image is converted to RGB format and processed
using the standard transformation pipeline associated with
the pretrained ResNet-50 encoder. The image is resized,
converted to a tensor, and normalized using ImageNet
statistics. The same preprocessing procedure is applied to
both the reference images and the validation queries.

Using an identical transformation pipeline is necessary
because the method compares query embeddings directly
with the stored reference embeddings. Differences in pre-
processing could alter the resulting feature representations
and make the similarity scores inconsistent.

3.1.3. Visual Feature Extraction and Normalization

A pretrained ResNet-50 model is used as the visual
feature extractor. The final classification layer is removed,
and the output of the penultimate layer is used as a 2,048-
dimensional visual representation. For an input image x,
the encoder produces the embedding;:

z= f@(x)r z € R2048/ (1)

where fg denotes the pretrained ResNet-50 feature extractor
and z is the extracted visual embedding.
The embedding is then L2-normalized:
z

oz ,
T ihhte @)

where € is a small constant used for numerical stability.
Normalization ensures that retrieval depends primarily
on the direction of the embedding rather than its magni-
tude. Because both query and reference embeddings are
normalized, the similarity search is equivalent to cosine-
similarity-based retrieval.

3.2. Proposed Reliability-Aware Selective Inference Method
3.2.1. Framework Overview

Given an input image, the proposed method first con-
verts the image into a normalized visual embedding using
the pretrained ResNet-50 encoder. The query embedding
is then compared with the external evidence database
using FAISS-based nearest-neighbor retrieval. The top-k
retrieved examples are treated as external visual evidence
for estimating the most strongly supported class.

The method does not directly accept the class associated
with the nearest retrieved image. Instead, the retrieved
neighborhood is evaluated according to evidence strength
and evidence consistency. Evidence strength describes
how closely the retrieved examples match the query image,
while evidence consistency describes whether the retrieved
neighbors support the same class or are distributed across
competing classes.

The complete selective-inference procedure contains
four stages: visual encoding, external evidence retrieval,
reliability-signal computation, and decision-controlled out-
put generation. The reliability module evaluates top similar-
ity, mean similarity, primary and secondary class support,
evidence margin, entropy-based uncertainty, and aggregate
reliability.

These indicators are passed to a decision gate that
assigns the query image to one of three states: Accerr,
ANsweR wiTH CAUTION, or ABsTaIN/FaLLBack. Strong, class-
consistent, low-uncertainty evidence permits acceptance;
partially supportive evidence produces a cautious response;
and weak or conflicting evidence triggers abstention or fall-
back.

As shown in Figure 1, the query image is encoded into a
normalized visual embedding, compared with the external
evidence database, evaluated using retrieval-derived reli-
ability signals, and passed through the selective decision
gate.

Algorithm 1 summarizes the complete inference proce-
dure.

The algorithm emphasizes that the nearest retrieved
class is not accepted automatically. The final decision
depends on evidence strength, class-support consistency,
uncertainty, and aggregate reliability.
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Figure 1: Overall architecture of the proposed retrieval-augmented reliability-aware selective inference method.

Algorithm 1: Retrieval-Augmented Reliability-Aware Selec-

tive Inference

Input: Query image x,, reference database R, visual encoder fg,
number of neighbors k, and thresholds Tsijm and Tmean-

Output: Decision D(x,) and reliability-controlled output.

Preprocess the query image x,

Extract z; « fo(x4)

Normalize Z; « z4/(llzq4ll2 + €)

Retrieve E(xq) < {(yj,s]',pj)};.‘zl using FAISS

Compute w; « exp(ozs]')/z]f;l=1 exp(asy)

Compute S(c) < Xjej, wj and j « arg max, 5(c)

Compute Stop, Smean, E1, E2, M, H, and R

Compute GateFail(xg) < (Stop < Tsim) V (Smean < Tmean)

if ~GateFail(x,) and R > 0.85and H < 0.30 and M > 0.50 then
| D(xy) < ACCEPT

else if R > 0.70 and M > 0.25 then
L D(x4) « ANSWER WITH CAUTION

else
| D(xq) < ABSTAIN/FALLBACK

Generate the final output according to D(x,)
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o
B ®

=
14

3.2.2. Operational Definition of Reliability

In this study, reliability refers to an instance-level oper-
ational assessment of the strength and internal consistency
of the retrieved visual evidence. It is constructed from
retrieval similarity, neighborhood class support, evidence
margin, and entropy, and is used to determine whether an
individual prediction should be accepted, communicated
cautiously, or rejected.

Reliability is not used as a statistical confidence interval,
hypothesis-test significance level, or posterior probability
of correctness. A statistical confidence interval quantifies
uncertainty in an estimated population quantity, while a
significance test evaluates evidence against a specified null
hypothesis. In contrast, the retrieval-based reliability score
is used during inference to control the response to a single
query image.

These concepts serve different purposes. Statistical
confidence intervals and significance tests describe uncer-
tainty in aggregate experimental conclusions, whereas the
proposed reliability score supports a per-instance decision.
Therefore, a high reliability score indicates that the retrieved
neighborhood is strong and internally consistent under the
proposed evidence criteria, but it does not guarantee that
the prediction is correct.

The reliability indicators are not independent because
they are derived from the same top-k retrieved neigh-
borhood. The method can identify retrieval results that
are weak or internally conflicting, but it cannot indepen-
dently verify whether a highly consistent retrieved neigh-
borhood is semantically correct. A systematic retrieval
failure may therefore cause several reliability indicators
to appear strong simultaneously. The proposed method
should consequently be interpreted as a retrieval-quality-
aware selective procedure rather than an independent
correctness verifier.

3.2.3. Reference Evidence Database Construction

The ImageNet-100 training set is used to construct the
external visual evidence database. Each training image
is passed through the same preprocessing and ResNet-50
feature-extraction pipeline. For every reference image, the
system stores the normalized embedding, class label, and
image path. The reference evidence database is represented
as:

R ={(Z:1, yi, pi)HY,, 3)

where Z; is the normalized embedding of the i-th reference
image, y; is its class label, p; is its image path, and N is the
total number of reference images.

The reference database provides external visual evi-
dence during inference. Instead of evaluating a query
image in isolation, the method compares it with labeled

www.jenrs.com

Journal of Engineering Research and Sciences, 5(9): 1-14, 2026 5


https://www.jenrs.com

o8 JENRS

P. Hariharan et al., Reliability-Aware Selective Visual Inference

reference examples and examines whether the retrieved
neighborhood supports a consistent class prediction. The
effectiveness of this process depends on the quality, di-
versity, and class coverage of the reference database. If
representative examples are missing or insufficient, the
retrieved evidence may be weak or misleading.

3.2.4. FAISS-Based Evidence Retrieval

To perform efficient nearest-neighbor search over the
reference database, the normalized embeddings are in-
dexed using FAISS. For a query embedding Z;, the index
retrieves the top-k most similar reference examples:

Ex(xq) = {(j, 55, P)}or, 4)

where y; is the class label of the j-th retrieved image, s;
is its similarity score with the query image, and p; is the
corresponding image path.

In the implemented system, k = 5 is used for reliability
computation and user-facing evidence display. This value
provides a small, interpretable neighborhood while allow-
ing agreement and disagreement among multiple retrieved
classes to be measured. Using one neighbor would prevent
meaningful calculation of class-support consistency, evi-
dence margin, and entropy, whereas a substantially larger
neighborhood could introduce weaker visual matches and
reduce the clarity of the displayed evidence. The selected
value is an empirical operating choice rather than a univer-
sally optimal setting.

The retrieved images contribute to the retrieval-based
class prediction and provide interpretable examples
through which the supporting or challenging evidence
can be inspected.

3.2.5. Retrieval-Based Class-Support Estimation

After the top-k images are retrieved, the system com-
putes class-level evidence support. Because the nearest
neighbors may belong to different classes, the prediction
is not based on only the single nearest image. Instead, the
method aggregates the retrieved evidence by class.

A similarity-weighted softmax function is applied to
the retrieved similarity scores:

exp(as;
w;j = #, (5)
Zm:l exp(ozsm)

where w; is the normalized evidence weight of the j-th
retrieved image and « controls the sharpness of the weight-
ing distribution. In the implemented experiment, a = 20
assigns greater influence to the strongest retrieved matches
while retaining contributions from all top-k neighbors.
This value is an empirical operating choice rather than a
universally optimal setting.

For each class ¢ appearing in the retrieved set, the
class-support score is:

S(c) = Z wj, (6)
jel;

where I, is the set of retrieved neighbors assigned to class
c. The predicted class is:

7 = argmax S5(c). 7)

c

This aggregation procedure makes the prediction de-
pend on the distribution of support across the retrieved
neighborhood rather than on a single nearest example.
When the strongest retrieved images belong to the same
class, the corresponding support becomes dominant. When
the evidence is divided among competing classes, the sup-
portis less concentrated and the prediction is more ambigu-
ous. However, class agreement alone does not guarantee
correctness because a consistently retrieved neighborhood
may still be semantically incorrect.

3.2.6. Reliability Signal Computation

The reliability module computes multiple indicators
from the retrieved neighborhood to characterize evidence
strength, class consistency, and ambiguity. These indicators
are not statistically independent because they are derived
from the same top-k examples. Their purpose is to pro-
vide complementary views of retrieval quality rather than
independent guarantees of correctness.

The top similarity score is:

Stop = S1- 8)

It represents the similarity of the strongest retrieved image.
The mean similarity score is:

k
Dlsi. 9)
=1

It measures the overall strength of the retrieved evidence
set and prevents the system from relying only on a single
strong neighbor.

The primary evidence support is:

Smean =

==

E1=S5(9), (10)
and the secondary evidence support is:
E; = max S(c). (11)
C#Y

The evidence margin is computed similarly to [22]:
M =E; - Es. (12)

A larger margin indicates clearer separation from compet-
ing classes.
The similarity gap is:

(13)

Entropy is used to estimate uncertainty in the class-
support distribution:

H=- Z S(c)log(S(c) +€).

G = 81 — sg.

(14)

Low entropy indicates concentrated evidence, whereas high
entropy indicates ambiguity or conflict among retrieved
classes.

The indicators should be interpreted jointly. Top and
mean similarity describe how strongly the query matches
the reference database, while class support, margin, and en-
tropy describe how consistently the retrieved neighborhood
favors one class. Strong similarity with conflicting class
evidence may indicate ambiguity, whereas concentrated
class support with weak similarity may indicate insufficient
reference coverage.
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3.2.7. Reliability Score and Decision Gate

The aggregate reliability score combines primary class
support and normalized similarity strength:

R = 0.6E; +0.4Q, (15)
where:
O = min (Smﬂ 1.0) : (16)
Tmean

The weight of 0.6 assigned to class support reflects the
design assumption that agreement among retrieved labels
should contribute more strongly to acceptance than sim-
ilarity alone. The remaining weight of 0.4 preserves the
influence of neighborhood-level visual similarity. These
weights were selected empirically and are not presented as
statistically optimal or universally applicable.

The implemented experiment uses:

Tsim = 0.8416,

17)
Tmean = 0.8285.
These values correspond to lower-tail operating points
derived from the observed retrieval-strength distribu-
tions. They are dataset-, encoder-, and reference-database-
dependent rather than universal constants. Because an
independent calibration set and complete sensitivity study
were not retained, optimality or insensitivity to parameter
variation is not claimed.
The evidence gate is:

GateFail(x) = (Stop < Tsim) V (Smean < Tmean)- (18)
The final decision is:
—GateFail(x), R > 0.85,
" H <0.30, M >0.50,
D(x) = (19)

C, R>0.70, M >0.25,
F, otherwise,

where A, C, and F denote Accept, ANSWER WITH CAUTION,
and AsstaIN/FaLLBACK, respectively.

Because all decision variables originate from the same
retrieved neighborhood, the gate can detect weak or inter-
nally conflicting evidence but cannot independently detect
every retrieval failure. A highly consistent yet incorrect
neighborhood may still produce favorable reliability indica-
tors. The gate should therefore be understood as retrieval-
quality-aware selective control rather than a guarantee of
semantic correctness.

3.2.8. Reliability-Controlled Output Generation

After the decision gate determines the output state, the
decision controls the final user-facing response. In the
proof-of-concept pipeline, LLaVA first generates a short
visual description without being directly conditioned on
the retrieved class label. This separation reduces the possi-
bility that the retrieved prediction directly biases the initial
language-model description.

For Accerr, the system reports the predicted class and
indicates that the retrieved evidence is strong and class-
consistent. For ANswer wiTH CAUTION, the class is presented

as a possible interpretation using caution-aware language.
For Asstain/FaLLBack, the system avoids a definitive class
claim and states that the retrieval evidence is weak, am-
biguous, or conflicting.

The response-generation layer is evaluated qualitatively
rather than through a dedicated MLLM hallucination
benchmark. The quantitative results are based on retrieval-
based visual classification and selective acceptance.

For arbitrary user-uploaded images, the interface dis-
plays the predicted class, reliability score, top and mean
similarity, evidence margin, entropy, decision state, re-
trieved examples, and controlled response. Because arbi-
trary uploads do not have known ground-truth labels, the
demonstration reports instance-level evidence and system
behavior rather than classification accuracy.

3.3. Evaluation Protocol

The evaluation procedure applies retrieval-based pre-
diction and selective decision control to 5,000 ImageNet-100
validation images. For each query, the system retrieves
the top-k reference examples, aggregates class support,
computes the reliability indicators, and assigns one of the
three decision states.

For quantitative analysis, outputs in the Accepr and
Answer wiTH CAUTION states are treated as returned pre-
dictions, while Asstain/FaLLBack outputs are treated as
rejected predictions. Accepted accuracy and accepted error
are therefore calculated over all returned outputs. The
caution state changes the wording of the response but does
not form a separate accuracy denominator.

The evaluation uses baseline accuracy, accepted accu-
racy, coverage, abstention rate, accepted error rate (selective
risk), Expected Calibration Error (ECE), and high-reliability
wrong predictions. Baseline accuracy is:

Neorrect
ACCpase = C})\r]rec . (20)
Accepted accuracy is:
N, accepted correct
ACCaccepted = TN (21)
accepted
Coverage and abstention are:
Naccepted Nabstai
Coverage = B g Abstention = —agstained (22)
N N
Accepted error rate is:
. N, accepted wrong
RISkaccepted = TN =1- ACCaccepted- (23)
accepted
For the always-answering baseline:
N
Riskpase = V;\r;’“g =1 — AcChase- (24)

Accepted error must be interpreted together with cov-
erage because a selective method can improve returned-
output accuracy by rejecting uncertain samples. This metric
measures selective classification error and is not a complete
measure of free-form generative hallucination.

ECE is computed over B = 10 bins:

(25)

B

B

ECE = Z ln—bl lacc(By) — conf(By)|,
b=1
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where By is the set of samples in bin b, acc(By) is the em-
pirical accuracy of the bin, conf(By) is its average reliability
score, and 7 is the total number of samples.

High-reliability wrong predictions are incorrect pre-
dictions with reliability scores greater than or equal to
0.85. They form a narrower subset than the total number
of accepted wrong predictions.

4. Experiments and Results

This section evaluates the proposed retrieval-
augmented reliability-aware inference framework on the
ImageNet-100 validation set and selected user-uploaded
qualitative examples. The objective is to determine whether
external visual evidence and reliability-aware decision gat-
ing can reduce overconfident wrong predictions while
maintaining useful prediction coverage. The baseline re-
trieval system always returns a prediction for every valida-
tion image. In contrast, the proposed framework accepts a
prediction only when the retrieved evidence is sufficiently
strong, consistent, and reliable.

The evaluation focuses on three questions. First, does
the proposed framework improve the accuracy of predic-
tions that are accepted by the system? Second, does the
reliability gate reduce hallucination-like accepted wrong
answers and confident wrong cases? Third, do qualitative
examples show that the framework behaves appropriately
under reliable, ambiguous, weak-evidence, and out-of-
coverage conditions?

4.1. Experimental Setup

The experiments were conducted using the ImageNet-
100 dataset. The reference evidence database was con-
structed from approximately 130,000 ImageNet-100 train-
ing images, and quantitative validation was performed on
5,000 validation images. Each image was passed through a
pretrained ResNet-50 feature extractor with the final clas-
sification layer removed, producing a 2048-dimensional
visual embedding. All embeddings were L2-normalized
before indexing and retrieval.

FAISS was used to perform efficient nearest-neighbor
search over the reference evidence database. For each
validation image, the top-k nearest reference examples
were retrieved with k = 5. The retrieved similarity scores
were converted into class-support weights using a softmax
weighting function with @ = 20. The predicted class was
selected based on the highest aggregated class support
among the retrieved evidence examples.

The reliability gate used two validation-derived sim-
ilarity thresholds: Tsm = 0.8416 for top similarity and
Tmean = 0.8285 for mean similarity. A prediction was ac-
cepted only when the retrieved evidence was sufficiently
strong and class-consistent. Otherwise, the system either
abstained or triggered fallback behavior. The baseline
retrieval system was evaluated as an always-answering sys-
tem, while the proposed framework was evaluated based
on accepted predictions.

4.2. Evaluation Metrics

The evaluation uses baseline accuracy, accepted accu-
racy, coverage, abstention rate, hallucination-like accepted
wrong-answer rate, Expected Calibration Error (ECE), and
confident wrong cases. Baseline accuracy measures the
correctness of the retrieval prediction when the system
answers every validation image. Accepted accuracy mea-
sures correctness only among predictions accepted by the
reliability gate. Therefore, baseline accuracy and accepted
accuracy are calculated on different output sets.

For the baseline retrieval system, accuracy is computed
as the number of correct predictions divided by the total
number of validation samples:

N, correct

N

Here, Ncorrect is the number of correct predictions and N is
the total number of validation samples.

For the proposed reliability-aware framework, accepted
accuracy is computed only over accepted predictions:

ACCpase = (26)

N acc_correct

Nacc

Here, Nacc_correct is the number of accepted predictions that
are correct and Ny is the total number of accepted pre-
dictions. Coverage is the proportion of validation samples
accepted by the gate:

Accaccepted = (27)

Coverage = N;;C, (28)

and abstention rate is the proportion of validation samples
rejected by the gate:

N, abstained
—N .

In this paper, a hallucination-like visual error is defined
as an incorrect visual prediction that is accepted by the
system and would therefore be returned as a user-facing
answer. This definition does not measure all possible forms
of generative hallucination. Instead, it focuses on the re-
liability problem studied in this work: accepted wrong
visual predictions that may appear trustworthy to the user.
For the always-answering baseline, every prediction is ac-
cepted, so the hallucination-like error rate is equivalent to
the ordinary prediction error rate:

Abstention = (29)

NW]TOI'\g

HLpase = =1 - Accpase- (30)

For the proposed framework, the hallucination-like ac-
cepted wrong-answer rate is calculated only over predic-
tions accepted by the reliability gate:

N, acc_wrong

Nacc

Thus, the hallucination-like error rate is related to pre-
diction error, but it is interpreted differently for the selec-
tive framework because the system does not answer every
sample. For this reason, hallucination-like error must be
reported together with coverage and abstention rate. ECE
is computed using the reliability score as the confidence
estimate over 10 confidence bins. Confident wrong cases
are defined as incorrect predictions with reliability greater
than or equal to 0.85.

H Laccepted = =1- ACCaccepted . (31)
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Table 1: Overall performance comparison between the baseline retrieval system and the proposed reliability-aware framework.

System Acc. (%) Accepted Error (%)  Cov. (%) Abst. (%)  ECE (%) Conf. Wrong
Baseline Retrieval 85.84 14.16 100.00 0.00 7.40 263
Proposed  Reliability- 88.88 11.12 89.04 10.96 5.87 226

Aware Framework

4.3. Overall Quantitative Results

Table 1 compares the baseline retrieval system with
the proposed reliability-aware framework. In the table,
the row labeled “Proposed Reliability-Aware Framework”
refers to the complete framework proposed in this paper,
including evidence retrieval, reliability estimation, and
decision-gated response control. The baseline retrieval sys-
tem uses the same retrieval-based prediction mechanism
but does not apply selective reliability gating; therefore, it
returns a prediction for every validation image.

The baseline retrieval system achieved an overall accu-
racy of 85.84%, meaning that 14.16% of the always-returned
predictions were incorrect. Since the baseline accepts every
prediction, its hallucination-like error rate is the same as its
prediction error rate. After applying the reliability-aware
evidence gate, the accepted prediction accuracy improved
to 88.88%. This shows that the proposed gate filters out a
portion of unreliable predictions before they are returned
as final answers.

The proposed framework accepted 89.04% of the val-
idation samples and abstained on 10.96% of uncertain
or weak-evidence cases. Although this reduces coverage,
it improves the trustworthiness of the predictions actu-
ally returned to the user. The hallucination-like accepted
wrong-answer rate decreased from 14.16% to 11.12%, corre-
sponding to an absolute reduction of 3.04 percentage points
and a relative reduction of 21.48%. This result supports
the main objective of the framework: reducing confidently
accepted wrong visual outputs without retraining the un-
derlying visual encoder or multimodal model.

Here, accepted Error denotes the proportion of incorrect
predictions among the outputs returned by each system.
For the baseline retrieval system, this value is equal to the
ordinary prediction error rate because the baseline always
returns a prediction. For the proposed framework, this
value is computed only over predictions accepted by the
reliability gate. Therefore, HL Error should be interpreted
together with coverage and abstention rate rather than as a
standalone accuracy measure.

4.4. Calibration and Reliability Analysis

The reliability-aware gate also improved calibration.
The baseline retrieval system produced an ECE of 7.40%,
while the proposed reliability-aware framework reduced
ECE to 5.87%. This reduction indicates that the reliability
score better reflects empirical correctness after unreliable
samples are filtered out. In practical terms, the system
becomes less likely to present unsupported predictions as
reliable outputs.

The number of confident wrong cases also decreased

after applying the reliability gate. The baseline system pro-
duced 263 confident wrong predictions, while the proposed
framework reduced this number to 226. This reduction
is important because high-confidence wrong predictions
are among the most harmful visual errors in user-facing
multimodal systems. By rejecting weak or conflicting evi-
dence cases, the proposed framework reduces the risk of
misleading users with confident but incorrect outputs.

4.5. Evidence Quality Analysis

Table 2 summarizes the difference between accepted
samples and abstained/fallback samples.  Accepted
samples achieved an accuracy of 88.88%, while ab-
stained /fallback samples had a much lower accuracy of
61.13%. This confirms that the reliability gate is not reject-
ing samples randomly; instead, it tends to reject cases that
are genuinely harder or less reliable.

Accepted samples also showed stronger evidence sig-
nals. Their average reliability score was 0.9560, compared
with 0.8137 for abstained/fallback samples. The accepted
group had higher average top similarity, higher mean simi-
larity, larger evidence margin, and lower entropy. Specif-
ically, accepted samples had an average margin of 0.8666
and entropy of 0.1563, while abstained /fallback samples
had a lower margin of 0.5380 and a higher entropy of 0.6308.
These results show that accepted predictions are supported
by stronger and more class-consistent retrieved evidence,
while abstained /fallback samples contain weaker or more
ambiguous evidence.

4.6. Qualitative Case Analysis

In addition to the quantitative evaluation, qualitative
case analysis was conducted to examine how the proposed
framework behaves at the individual-image level. This
analysis is important because the objective of the proposed
method is not only to improve aggregate accuracy, but also
to control the final response based on the strength and con-
sistency of retrieved evidence. A reliable multimodal visual
system should accept predictions when evidence is strong,
but should avoid confident answers when the retrieved
evidence is weak, ambiguous, conflicting, or outside the
reference class distribution.

Table 3 summarizes four representative qualitative ex-
amples. These examples include one high-confidence ac-
cepted example and three abstain/fallback examples. The
accepted case demonstrates that the proposed framework
does not unnecessarily reject reliable predictions. The
fallback cases demonstrate how the system handles am-
biguous visual evidence, degraded image quality, and
out-of-coverage inputs.

Table 2: Evidence quality comparison between accepted and abstained /fallback samples.

Group Samples  Acc. Rel. Stop Smean Margin Entropy
Accepted 4452 0.8888 0.9560 0.9110 0.9000 0.8666  0.1563
Abstained /Fallback 548 0.6113 0.8137 0.8168 0.8028 0.5380  0.6308
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Table 3: Qualitative case study examples showing reliability-aware decision outcomes.

Case Input Pred. Decision Rel. Reason

1 Shark Shark ACCEPT 1.0000  Strong same-class evidence
2 Birds Kite FALLBACK 0.5931  Mixed bird-class evidence
3 Blurred car Turtle FALLBACK 0.4316 ~ Weak unrelated retrieval

4 Airplane Crane FALLBACK 0.5505  Outside reference coverage

Case 1: Accepted prediction—great white shark. The first quali-
tative case, shown in Figure 2 and Figure 3, demonstrates a
high-confidence accepted prediction. The input image con-
tains a great white shark, and all top-five retrieved evidence
examples belong to the same class. The reliability score
is 1.0000, the top similarity is 0.9511, the mean similarity
is 0.9361, the evidence margin is 1.0000, and the entropy
is 0.0000. Since the retrieved examples are visually close,
class-consistent, and free from competing class evidence,
the decision gate accepts the prediction.
Top 3

great white shark, whi
sim=0.934

User Input

Top 1 Top 4
great white shark, whi great white shark, whi
sim=0.951 sim=0.931

Top 2 Top 5
great white shark, whi great white shark, whi
sim=0.939 sim=0.925

Figure 2: Accepted qualitative case showing the input image and top-5
retrieved evidence for the great white shark example.

Case 1: Accepted Prediction — Great White Shark

Reliability Metrics Reason for Decision

Decision: ACCEPT All retrieved evidence belongs to the same
Predicted class:  Great white shark class and shows high visual similarity. The
Reliability: 1.0000 reliability gate thresholds are satisfied,
Top similarity: 0.9511 so the prediction is accepted.

Mean similarity: 0.9361

Margin: 1.0000

Entropy: 0.0000

Final Controlled Response

The image is of a great white shark swimming in the ocean.

Figure 3: Reliability summary and final controlled response for the ac-
cepted great white shark example.

Case 2: Abstain/fallback-birds in flight. The second case,
shown in Figure 4 and Figure 5, contains a group of blurred
birds flying in the sky. The retrieval system predicts the
class as kite. However, the top retrieved evidence is dis-

tributed across multiple bird-related classes, including
goose, crane, kite, and magpie. The reliability score is
0.5931, the top similarity is 0.7854, the mean similarity is
0.7741, the evidence margin is 0.1172, and the entropy is
1.3480. The low margin and high entropy indicate class con-
flict among the retrieved examples, so the system assigns
the case to ABSTAIN/FALLBACK.

Top 3
User Input (sim=0.772)
e -
m Y - b
Top 1 Top 4
(sim=0.785) (sim=0.769)
&‘
Top 2 Top 5
(sim=0.776) (sim=0.768)
{
- " 7

Figure 4: Abstain/fallback qualitative case showing the input image and
top-5 retrieved evidence for the birds-in-flight example.

Case 2: Abstain/Fallback — Birds in Flight

Reliability Metrics Reason for Decision

Decision: ABSTAIN / FALLBACK The retrieved evidence is mixed across
Predicted class:  Kite multiple bird-related classes, including
Reliability: 0.5931 goose, crane, kite, magpie, and kite. The
Top similarity: 0.7854 evidence margin is low and entropy is high,
Mean similarity: ~ 0.7741 so th.s ;ystem avoids a confident

. prediction.
Margin: 0.1172
Entropy: 1.3480

Final Controlled Response

The image appears to show birds flying in the sky, but the retrieved evidence is
ambiguous. The system abstains from assigning a confident class label.

Figure 5: Reliability summary and final controlled response for the birds-
in-flight fallback example.

Case 3: Abstain/fallback-blurred car. The third case, shown in
Figure 6 and Figure 7, contains a heavily blurred car image.
The nearest retrieved class is loggerhead turtle, which is not
semantically appropriate for the uploaded image. The re-
trieved evidence includes loggerhead turtle, snail, tarantula,
goldfish, and hummingbird. The reliability score is 0.4316,
the top similarity is 0.6218, the mean similarity is 0.6162,
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the evidence margin is 0.0249, and the entropy is 1.6074.
These values indicate weak and conflicting evidence, so the
system abstains instead of forcing an incorrect label.

Top 3

User Input (sim=0.616)

Top 1
(sim=0.622)

Top 4
(sim=0.615)

r_ —I
o
A‘“

Top 2
(sim=0.616)

Top 5
(sim=0.612)

Figure 6: Abstain/fallback qualitative case showing the input image and
top-5 retrieved evidence for the blurred car example.

Case 3: Abstain/Fallback — Blurred Car Image

Reliability Metrics Reason for Decision

Decision: ABSTAIN / FALLBACK The input image is heavily blurred, and the
Nearest class: Loggerhead turtle retrieved classes are weak or conflicting.
Reliability: 0.4316 The nearest known class is unrelated to the
Top similarity: 0.6218 visual input, so the framework rejects the
Mean similarity:  0.6162 prediction instead of returning a confident
. answer.

Margin: 0.0249
Entropy: 1.6074

L

Final Controlled Response

A blurred image of a car is presented, but the visual evidence is insufficient to
confidently identify the exact class using the reference evidence base.

J

Figure 7: Reliability summary and final controlled response for the blurred
car fallback example.

Case 4: Abstain/fallback-airplane. The fourth case, shown in
Figure 8 and Figure 9, contains a commercial airplane. The
retrieval system predicts the class as crane because airplane
is not supported by the ImageNet-100 reference subset
used in this experiment. The top retrieved classes include
crane, tiger shark, kite, goose, and hammerhead shark. The
reliability score is 0.5505, the top similarity is 0.7571, the
mean similarity is 0.7296, the evidence margin is 0.1257,
and the entropy is 1.5571. Although the visual-language
response can describe the image as an airplane, the re-
trieval evidence does not support a reliable ImageNet-100
class prediction, so the reliability gate assigns the case to
ABSTAIN/FALLBACK.

Top 3
kite
sim=0.722

User Input

Top 1 Top 4
crane goose
sim=0.757 sim=0.718

Yy

Top 2 Top 5
tiger shark, Galeocerdo cuvieri hammerhead, hammerhead shark
sim=0.733 sim=0.718

Figure 8: Abstain/fallback qualitative case showing the input image and
top-5 retrieved evidence for the airplane example.

Case 4: Abstain/Fallback — Airplane Image

-

Reliability Metrics Reason for Decision

Decision: ABSTAIN / FALLBACK The input image is a commercial airplane,
Predicted class:  Crane but the retrieved evidence is distributed
Reliability: 0.5505 across unrelated classes, including crane,
Top similarity: 0.7571 tiger shark, kite, goose, and hammerhead
T v shark. Because the evidence Is inconsistent
Mean similarity:  0.7296 y
N—— @55 and outside the reference class coverage,
argin: - the framework abstains from returning a
Entropy: 1.5571 confident class label.

Final Controlled Response

The image shows a large commercial airplane, likely a United Airlines plane,
flying in the sky, but the system abstains because the retrieved class evidence is
outside the supported reference coverage.

Figure 9: Reliability summary and final controlled response for the air-
plane fallback example.

Overall, these qualitative examples demonstrate that
the proposed framework behaves in a reliability-aware man-
ner across different input conditions. The shark example
shows acceptance under strong and consistent evidence.
The birds example shows abstention under class ambiguity
among visually related categories. The blurred car exam-
ple shows fallback under low-quality and weak-evidence
conditions. The airplane example shows protection against
out-of-coverage inputs. Together, these cases show that the
framework reduces overconfident visual hallucinations by
preventing unsupported predictions from being accepted
as final answers.

4.7. Result Discussion

The experimental findings demonstrate the expected
reliability—coverage trade-off of selective inference. The
always-answering retrieval baseline returns a prediction
for every query, including cases supported by weak, am-

WWW.jenrs.com

Journal of Engineering Research and Sciences, 5(9): 1-14, 2026 11


https://www.jenrs.com

o8 JENRS

P. Hariharan et al., Reliability-Aware Selective Visual Inference

biguous, or conflicting evidence. The proposed decision
mechanism rejects a subset of these cases and consequently
improves the correctness of the outputs that are returned.
This improvement should therefore be interpreted together
with the corresponding reduction in coverage rather than
as an unrestricted increase in classification performance.

The evidence-characteristic analysis helps explain the
behavior of the decision gate. Returned predictions gen-
erally exhibit stronger top and mean similarity, larger evi-
dence margins, more concentrated class support, and lower
entropy than rejected predictions. The underlying retrieval
classifier also performs substantially worse on the rejected
group, indicating that the gate tends to identify empiri-
cally more difficult samples rather than rejecting queries
arbitrarily.

However, the reliability indicators are all derived from
the same retrieved neighborhood and are therefore corre-
lated. The method can identify retrieval results that are
weak or internally inconsistent, but it cannot independently
verify that a highly consistent neighborhood is semanti-
cally correct. Consequently, the reported improvements
demonstrate the usefulness of retrieval-quality-aware selec-
tive control under the implemented ImageNet-100 setting,
but they do not establish that every accepted prediction is
correct.

The comparison with the always-answering baseline
isolates the effect of the proposed decision gate because
both systems use the same image embeddings, retrieval
process, similarity weighting, and class-support prediction.
The study does not claim numerical superiority over all
existing calibration, uncertainty-estimation, or selective-
classification methods, since those alternatives were not
evaluated in the retained experiment. Similarly, direct com-
parison with generative MLLM hallucination-mitigation
approaches is not methodologically equivalent because
those methods operate on free-form language outputs and
use different datasets and evaluation measures.

The qualitative examples further illustrate the intended
system behavior. Strong and class-consistent retrieval evi-
dence permits a prediction to be returned, while ambiguous,
degraded, or out-of-reference evidence can lead to fallback.
These examples support the use of retrieval-derived reliabil-
ity as a transparent decision aid, but they do not constitute
a quantitative evaluation of out-of-distribution detection
or free-form multimodal hallucination.

Overall, the results should be interpreted as a controlled
proof-of-concept for retrieval-augmented selective visual
inference. The method provides an interpretable post-hoc
mechanism for deciding whether a visual prediction should
be returned, qualified, or rejected before it is incorporated
into a downstream multimodal response. Broader conclu-
sions will require independent parameter calibration, sen-
sitivity analysis, additional selective-prediction baselines,
quantitative out-of-distribution testing, and evaluation on
dedicated multimodal-generation benchmarks.

5. Limitations

The present study has several limitations. First,
the quantitative evaluation is conducted on ImageNet-
100, which represents a controlled closed-set visual-

classification setting. Although this setting allows pre-
diction correctness, selective risk, coverage, and abstention
to be measured clearly, it does not represent the full com-
plexity of open-ended multimodal tasks such as image
captioning, visual question answering, or free-form MLLM
response generation. The downstream multimodal re-
sponse component should therefore be interpreted as a
proof-of-concept demonstration rather than a complete
evaluation of hallucination mitigation.

Second, the proposed reliability indicators depend on
the same top-k retrieved neighborhood. Top similarity,
mean similarity, class support, evidence margin, entropy,
and aggregate reliability are therefore correlated rather
than independent sources of evidence. The method can
identify retrieval results that are weak or internally conflict-
ing, but it cannot independently verify whether a highly
consistent retrieved neighborhood is semantically correct.
A systematic retrieval failure may cause several reliability
indicators to appear favorable simultaneously.

Third, the method depends on the quality, diversity, and
class coverage of the external evidence database. When
the target concept is absent or poorly represented, the
retrieval procedure may return visually similar but seman-
tically unrelated examples. Weak similarity or conflicting
class support may trigger fallback in some such cases, but
the proposed method is not a formally calibrated out-of-
distribution detector. The airplane example provides only
a qualitative illustration of out-of-reference behavior and
should not be interpreted as a quantitative OOD evaluation.

Fourth, the number of neighbors, similarity-weighting
parameter, reliability-score weights, and decision thresh-
olds were selected empirically for the implemented con-
figuration. These values are dependent on the dataset,
encoder, and reference database and are not claimed to
be universally optimal. A complete sensitivity analysis
and an independently retained calibration split were not
available for the present evaluation. Future studies should
separate parameter calibration from final testing and eval-
uate performance across multiple threshold and weighting
configurations.

Fifth, the experimental comparison is limited to an
always-answering retrieval baseline that uses the same
embeddings, retrieval mechanism, and class-support pre-
diction without selective decision control. This comparison
isolates the effect of the proposed gate, but it does not
establish superiority over existing calibration, uncertainty-
estimation, or selective-classification methods. Direct nu-
merical comparison with generative MLLM hallucination-
mitigation approaches is also not methodologically equiva-
lent in the current setting because those methods operate
on free-form language outputs and use different datasets
and evaluation measures.

Finally, the reliability-controlled language-generation
layer is evaluated primarily through qualitative examples.
Although the decision state controls whether the final re-
sponse is direct, cautious, or abstaining, the language model
may still produce unsupported details in an open-ended set-
ting. Broader validation will require dedicated multimodal
hallucination benchmarks, stronger vision-language en-
coders, larger and more diverse evidence databases, quan-
titative OOD evaluation, additional selective-prediction
baselines, and systematic parameter-sensitivity analysis.
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6. Discussion and Conclusion

This study presented a retrieval-augmented reliability-
aware selective inference method for visual classification.
The method separates prediction generation from predic-
tion acceptance by evaluating whether the retrieved visual
neighborhood provides sufficiently strong and consistent
support for a returned prediction. Instead of forcing an
answer for every query, the system can return a prediction,
communicate it cautiously, or invoke abstention or fallback
according to the quality of the retrieved evidence.

The proposed procedure combines normalized vi-
sual embeddings, FAISS-based nearest-neighbor retrieval,
similarity-weighted class support, evidence margin,
entropy-based uncertainty, and an aggregate reliability
score. These indicators are used operationally to control
the output for an individual query. They should not be
interpreted as statistical confidence intervals, significance
levels, posterior probabilities, or guarantees of correctness.

The ImageNet-100 evaluation demonstrates a reliability—
coverage trade-off. The accuracy of returned predictions
increases from 85.84% for the always-answering retrieval
baseline to 88.88% for the selective method at 89.04% cov-
erage. The accepted error rate decreases from 14.16% to
11.12%, corresponding to an absolute reduction of 3.04 per-
centage points and a relative reduction of 21.48%. Expected
Calibration Error decreases from 7.40% to 5.87%, while the
number of high-reliability wrong predictions decreases
from 263 to 226. These results indicate that rejecting a
subset of weak or conflicting retrieval cases can improve
the correctness of the predictions that are returned.

The evidence analysis further shows that returned pre-
dictions generally have stronger similarity, larger evidence
margins, more concentrated class support, and lower en-
tropy than rejected predictions. The qualitative exam-
ples illustrate acceptance under strong class-consistent
evidence and fallback under ambiguous, degraded, or
out-of-reference retrieval conditions. However, these ex-
amples do not constitute a quantitative evaluation of out-
of-distribution detection or free-form multimodal halluci-
nation.

The contribution of this work lies in coordinating es-
tablished retrieval, uncertainty, and selective-prediction
concepts within an interpretable post-hoc decision pro-
cedure. The current experiment does not establish su-
periority over all calibration, uncertainty-estimation, or
selective-classification methods. It should also not be in-
terpreted as a complete framework for reducing generative
hallucination in MLLMs. Instead, it provides a controlled
proof-of-concept showing how retrieval-derived evidence
can influence whether a visual prediction should be re-
turned, qualified, or rejected before being incorporated
into a downstream multimodal response.

Future work should evaluate the method using inde-
pendent calibration and test sets, systematic sensitivity
analysis, additional selective-prediction baselines, quan-
titative out-of-distribution benchmarks, larger and more
diverse evidence databases, and stronger vision-language
encoders. Extension to visual question answering, im-
age captioning, and dedicated multimodal hallucination
benchmarks will be necessary to determine whether the
proposed selective inference principles generalize to open-

ended MLLM responses.
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