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Abstract

This paper studies the problem of misclas-
sification detection for vision-language mod-
els (VLMs), which aims to identify samples
wrongly assigned by the pre-trained VLM. Pre-
vious works usually focus on exploring the
latent space and measuring pairwise similar-
ity scores for confidence estimation. However,
these similarity scores can be biased for bound-
ary points with different fine-grained features.
To address this issue, this paper proposes an
approach named Distribution-aware Prototypi-
cal Calibration with Fine-grained Voting (DE-
CENT). The core idea of DECENT is to uti-
lize probabilistic distributions to characterize
both the semantics of the test image and its cor-
responding class prototype. Specifically, we
first conduct clustering within each class in the
latent space to construct a distribution of fine-
grained prototypes. More importantly, multiple
augmented views of the test image are consid-
ered as samples from its underlying semantic
distribution. Then, we measure the distribu-
tion distance between the image’s underlying
semantic distribution and its neighboring fine-
grained prototype distributions, which is ag-
gregated via fine-grained voting into a distri-
butional score. This score can be fused with
the VLM’s semantic alignment score to sig-
nificantly enhance misclassification detection
sensitivity, or to improve overall classification
robustness. Extensive experiments on bench-
mark datasets validate the dual effectiveness of
the proposed DECENT.

1 Introduction

Recently, Vision-Language Models (VLMs) have
achieved remarkable success (Radford et al., 2021;
Jia et al., 2021; Fu et al., 2026). Through con-
trastive learning on massive cross-modal pairs,
these models have effectively bridged the modal-
ity gap between vision and text, demonstrating a
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powerful cross-modal understanding. This capa-
bility has led to breakthrough advancements in a
multitude of downstream tasks, such as image re-
trieval (Li et al., 2022), visual question answering
(VQA) (Pramanick et al., 2024), and image cap-
tioning (Zhou et al., 2020).

However, despite their formidable capabilities,
VLMs are not infallible. In practical applications,
VLMs still produce misclassifications, yielding
incorrect predictions. In many high-stakes do-
mains, such as medical image diagnostics (Dadalto
et al., 2023; Kakda et al., 2026), scene percep-
tion for autonomous driving (Boreiko et al., 2024;
Zhang et al., 2025b; Zitkovich et al., 2023), or
content moderation (AlDahoul et al., 2024), VLM
misclassifications can lead to catastrophic conse-
quences (Taioli et al., 2025; Vice et al., 2025; Guan
et al., 2024). Therefore, the ability to accurately
detect when a VLM is wrong (i.e., misclassifica-
tion detection) has emerged as a critical and urgent
research problem (Chen et al., 2021).

To address the challenge of VLM misclassifica-
tion detection, previous work has largely focused
on exploring the rich latent space of VLMs. These
methods typically rely on computing pairwise sim-
ilarity scores between a test sample and its pre-
dicted class, using this score as an estimate of con-
fidence. The underlying assumption is that a cor-
rect prediction should exhibit a higher similarity
score in the feature space than an incorrect one.
However, this foundational strategy suffers from
critical limitations that undermine its reliability in
high-stakes scenarios. First, similarity-based ap-
proaches are notoriously unreliable for boundary
points (i.e., hard samples near the decision bound-
ary (Fawzi et al., 2018)). Their similarity scores
in this region are often inherently biased and am-
biguous. This boundary bias means that the most
challenging cases, precisely where a confidence
score is most needed, are the ones most likely to
be misjudged, rendering the detector ineffective
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when it matters most. Second, these methods are
fundamentally fine-grained insensitive (Peng et al.,
2024; Wu et al., 2025; Zhang et al., 2025a; Lee
et al., 2024). By relying on a single holistic simi-
larity score, they overlook subtle yet semantically
critical intra-class features. Consequently, a VLM
might confidently misclassify a robin as a sparrow,
and existing detectors, being blind to these nuances,
would fail to flag this obvious error. This insensi-
tivity makes them unsuitable for real-world tasks
requiring domain expertise, such as fine-grained
species identification, defect detection, or medical
anomaly analysis (Xiao et al., 2025).

To overcome the aforementioned limitations,
we propose Distribution-aware Prototypical
Calibration with Fine-grained Voting (DECENT),
a framework for misclassification detection.
Our core idea is a dual-branch architecture that
leverages both a pre-trained VLM and an auxiliary
image encoder. Our method generates two
complementary scores: (1) Text-Image Semantic
Score: Computed by the VLM, this score evaluates
the degree of semantic alignment between the test
image and the text prototype of its predicted class.
(2) Image-Image Distributional Score: Computed
by the auxiliary encoder. To specifically address
the boundary point and fine-grained challenges,
we first construct a database of fine-grained
prototypes via clustering on a reference dataset.
For a test sample, we generate a feature point cloud
through data augmentation and then calculate the
distribution distance between this point cloud and
its nearest neighboring prototypes. This score is
then generated via fine-grained soft-voting. Finally,
we explore two strategies to fuse these scores via a
weighted sum. One strategy (Fusion Prediction)
uses the fused score for both prediction and
confidence, while the other (Decoupled Prediction)
uses the semantic score for prediction and a fused
score for confidence. This fusion aims to produce
a more robust and calibrated confidence score for
misclassification detection. The main contributions
of this paper are summarized as follows:

❶ Overall Formulation. We propose an over-
all formulation for VLM misclassification de-
tection, moving beyond traditional reliance
on single-point holistic similarity to explicitly
model neighborhood distributional discrepan-
cies. Building on this insight, we introduce
DECENT, a dual-branch framework that inte-
grates the broad semantic alignment of VLMs

with the fine-grained, distribution-aware per-
ception of an auxiliary encoder.

❷ Integrated Design. We implement the
distributional scoring mechanism using fine-
grained class prototypes derived via feature
clustering and point-cloud-based distribution
distances. By evaluating sample reliability,
this mechanism mitigates the biased similarity
scores associated with challenging boundary
samples.

❸ Empirical Superiority. Extensive evaluations
across eight benchmark datasets demonstrate
the good performance of DECENT. Our ro-
bust variant achieves an average accuracy of
77.59%, outperforming the state-of-the-art by
a 6.69% margin. Concurrently, our sensitive
variant establishes a new benchmark for de-
tection capability, delivering an outstanding
average AUROC of 93.02% and drastically
reducing the average FPR95 to 33.28%.

2 Related Work
2.1 Vision-Language Models
Recently, Vision-Language Models (VLMs) have
achieved remarkable success. Pioneering works
such as CLIP (Radford et al., 2021), ALIGN (Jia
et al., 2021), and ViLBERT (Lu et al., 2019) have
successfully aligned image and text features within
a unified latent space through large-scale Con-
trastive Learning on massive datasets of image-text
pairs. This potent cross-modal alignment capa-
bility enables VLMs to comprehend the intricate
relationships between vision and language, thereby
demonstrating exceptional generalization capabil-
ities in a multitude of downstream tasks, such as
image retrieval (Li et al., 2022), visual question
answering (VQA) (Pramanick et al., 2024), and
image captioning (Zhou et al., 2020). The suc-
cess of these models has established a foundation
for addressing complex cross-modal challenges.
However, despite their formidable performance, is-
sues concerning their robustness, interpretability,
and predictive reliability remain significant areas of
concern within the research community (Xiao et al.,
2025; Xie et al., 2025; Groot and Valdenegro-Toro,
2024; Zhang et al., 2024c).
2.2 Misclassification Detection
Detecting misclassifications for VLMs is a chal-
lenging task. Existing training-free methods,
which operate without re-training the VLM, can
be broadly categorized based on their approach:
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The most straightforward methods adapt classi-
cal techniques from classifier uncertainty. These
include using the maximum softmax probability
(MSP) (Hendrycks and Gimpel, 2016), or the en-
ergy score (Liu et al., 2020b) from the VLM’s out-
put distribution. Other foundational approaches
to uncertainty and OOD detection include MC
Dropout (Gal and Ghahramani, 2016), Deep En-
sembles (Lakshminarayanan et al., 2017), and
ODIN (Liang et al., 2017; Lee et al., 2018; Mad-
dox et al., 2019). While simple to implement, these
methods primarily measure the ambiguity in the
output space (Liu et al., 2020a; Fort et al., 2021;
Qu et al., 2025), which often correlates poorly
with true correctness and is highly susceptible to
fine-grained insensitivity (e.g., robin vs. spar-
row) (Mukhoti et al., 2020; Cheng and Vascon-
celos, 2022; Peng et al., 2024; Zhang et al., 2025a).
A more recent line of work leverages the VLM’s
rich latent space. Methods like DOCTOR (Granese
et al., 2021) and TrustVLM (Dong et al., 2025)
compute similarity scores (e.g., cosine similarity)
between an image feature and the text prototype
of its predicted class (Chopra et al., 2005; Jeong
et al., 2023; Zhou et al., 2023). The core assump-
tion is that misclassified samples will have lower
similarity. However, this assumption breaks down
for boundary points, where challenging-but-correct
samples may also have low similarity, making them
indistinguishable from true errors. Furthermore, as
these methods typically compute a single, holis-
tic similarity, they inherently fail to capture the
intra-class feature variations needed to detect fine-
grained misclassifications. The limitations of ex-
isting work highlight two critical gaps: (1) robust-
ness to boundary points and (2) sensitivity to fine-
grained features. Our work DECENT is explicitly
designed to address both limitations. Unlike meth-
ods that rely on single-point similarity, we intro-
duce a distribution distance (Székely and Rizzo,
2013; Chen and Ding, 2025) to robustly model the
sample’s ambiguity. Furthermore, by construct-
ing fine-grained prototypes (Snell et al., 2017) via
clustering (McQueen, 1967; Lloyd, 1982), we ex-
plicitly equip our model with the sensitivity needed
to adjudicate subtle feature differences (Lu et al.,
2024; Ke et al., 2024; Gong et al., 2025; Zou et al.,
2025; Li et al., 2024).

3 The Proposed DECENT

3.1 Problem Definition

We study system-level misclassification detection
for VLM-based inference. Let M = (MA,MB)
denote a dual-model system, where MA is a VLM
and MB is an auxiliary image encoder, and let
Dref = {(xi, yi)}Ni=1 be a labeled reference set.
For a test image x with ground-truth label ytrue, an
inference strategy outputs

ŷ = Gpred(x | M,Dref),

sconf = Fconf(x, ŷ | M,Dref),

r = I(ŷ = ytrue).

The objective is to make sconf separate correct fi-
nal predictions (r = 1) from misclassifications
(r = 0). Different variants instantiate Gpred dif-
ferently: DECENT-R uses the fused score for both
prediction and confidence, whereas DECENT-S
uses the semantic score for prediction and the fused
score for reliability estimation.

3.2 Framework Overview

Our DECENT method evaluates the reliability of
the VLM predictions. We hypothesize that an un-
reliable prediction (misclassification) will exhibit
a misalignment with its true class prototype si-
multaneously in both the semantic space and the
distributional manifold (Chen et al., 2022). Ac-
cordingly, we design a dual-branch framework that
computes confidence scores from two complemen-
tary sources of evidence: Text-Image Semantic
Alignment: Evaluates the similarity between the
image f IA and the text-semantic prototype µT of
its predicted class. Image-Image Distributional
Discrepancy: Evaluates the discrepancy between
the image’s local feature distribution Px and the
fine-grained distributions Z of its predicted class.
The final confidence sconf is a fusion of these two
branch scores. Model MA (Text-Image): A VLM,
providing EI

A(·) and ET
A(·). Model MB (Image-

Image): An image encoder, providing EI
B(·).

3.3 Text-Image Semantic Alignment

To establish a foundational semantic score, we
leverage the pre-trained VLM to capture its pri-
mary, albeit sometimes unreliable, semantic judg-
ment. This score is derived by comparing the test
image’s features against multi-template text proto-
types for each class.
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Figure 1: The overall framework of the proposed DECENT. DECENT detects misclassifications by fusing the
VLM’s semantic alignment score (SA) with a distributional score (SB). The distributional score (SB) is computed
by measuring the distribution distance between an image’s feature point cloud and fine-grained class prototypes.
The resulting fused score is used in two strategies: DECENT-S for high-sensitivity detection and DECENT-R for
robust classification.

We first construct a multi-template, L2-
normalized text center µT

j for each class cj :

µT
j = L2-Norm

(︄
1

M

M∑︂

m=1

L2-Norm(ET
A(tm(cj)))

)︄
.

(1)
Given the extracted image feature f IA =
L2-Norm(EI

A(x)), we compute its cosine similarity
with all C class centers. Applying a Softmax nor-
malization with temperature τ1 yields the semantic
alignment score vector SA(x) ∈ RC :

SA(x)j =
exp(f IA · (µT

j )
T /τ1)∑︁C

k=1 exp(f
I
A · (µT

k )
T /τ1)

. (2)

3.4 Neighborhood Distributional Discrepancy
Because the semantic-only score is often unreliable
for boundary points and insensitive to fine-grained
features, we propose a complementary distribu-
tional score to correct this bias. This score mea-
sures the discrepancy between a test image’s local
feature distribution and its neighboring prototype
clusters (Pan et al., 2018).

We begin by establishing a database of fine-
grained prototypes (Fu et al., 2026). Using the
auxiliary image encoder MB , we extract features
FB for all training samples. To avoid relying on
an arbitrary hyperparameter, we dynamically deter-
mine the number of clusters Kj for each class via

a density rule: Kj = ⌈|FB,j |/ρ⌉, where the target
density ρ ensures each fine-grained prototype cov-
ers an average of 10 to 20 reference images. Next,
we apply K-Means (McQueen, 1967; Lloyd, 1982)
clustering to the feature subset FB,j of each class j
to identify its Kj fine-grained sub-clusters (Zhang
et al., 2024a). For the k-th cluster of class j, we
store its normalized centroid qj,k and the set of its
member features Zj,k. This yields a comprehensive
database (Q,Z) containing

∑︁C
j=1Kj prototypes

and their corresponding members:

(qj,k,Zj,k) = K-Meansk(FB,j ,Kj),

∀j ∈ [1, C], ∀k ∈ [1,Kj ].
(3)

During inference, for a given test image x, we gen-
erate a feature point cloud Px by applying V data
augmentations av(·) (Kendall and Gal, 2017; Wang
et al., 2019; Zhang et al., 2024b). This embeds the
test sample into the same feature space defined by
MB . We define this point cloud and compute its
normalized centroid px as follows:

Px = {L2-Norm(EI
B(av(x)))}Vv=1,

px = L2-Norm

⎛
⎝ 1

V

∑︂

p∈Px

p

⎞
⎠ .

(4)

With Px and Q established, we identify the test
sample’s nearest neighbors via an exhaustive search
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within the feature space. First, we compute the
Euclidean (L2) distance between the test centroid
px and all prototype centroids q ∈ Q:

Dist(px,Q) = {∥px − q∥2 | ∀q ∈ Q}. (5)

Next, we select the Ntop prototypes closest to px to
form the nearest neighbor index set Itop. To quan-
tify the Neighborhood Distributional Discrepancy,
we calculate the Energy Distance (Székely and
Rizzo, 2013) dEi between the test point cloud Px

and each selected neighboring cluster Zi (i ∈ Itop):

dEi = E(Px,Zi) = 2E[∥p− z∥2]
− E[∥p− p′∥2]− E[∥z− z′∥2].

(6)

We then calibrate discrepancy measures into voting
weights wi by applying a Softmax function with
temperature τ2 over the negative energy distances:

wi =
exp(−dEi /τ2)∑︁

i′∈Itop exp(−dEi′ /τ2)
. (7)

Crucially, this density-based voting mechanism nat-
urally confers robustness against label noise in the
reference set. Noisy samples typically manifest as
low-density outliers in the feature space, leading
to large energy distances from the test distribution.
Consequently, Eq. 7 assigns them negligible vot-
ing weights, rendering our distributional branch
highly resilient to mislabeled data. Finally, we ob-
tain the image-image distributional score vector
SB(x) ∈ RC via a weighted soft-voting over the
macro-class labels of the Ntop neighbors (Gold-
berger et al., 2004):

SB(x)j =
∑︂

i∈Itop
wi · I(class(i) = j). (8)

3.5 Confidence Combination
We combine the scores from both branches using a
fusion weight κ. We implement two distinct strate-
gies:
DECENT-R (Robust): Our first strategy, named
for its focus on creating a more robust classifier, is
DECENT-R (Fusion Prediction). The final score
Sfinal is a weighted sum of the two score vectors.
Both the prediction ŷ and confidence sconf are de-
rived from this fused vector

Sfinal = (1− κ) · SA + κ · SB, (9)

ŷ = argmax
j

(Sfinal)j , sconf = max
j

(Sfinal)j .

(10)

Algorithm 1 Inference and Scoring Algorithm of
DECENT
Input: Test image x, VLM MA, Image Encoder

MB , Pre-computed Prototype DB (Q,Z), Fu-
sion parameter κ.

Output: DECENT-R outputs (ŷR, sconf,R),
DECENT-S outputs (ŷS , sconf,S).

1: // Step 1: Text-Image Semantic Alignment
2: Extract VLM image feature f I

A =
L2-Norm(EI

A(x)).
3: Compute semantic score SA(x) using Eqn. 1

& 2.
4: //Step 2: Neighborhood Distributional Dis-

crepancy
5: Generate feature point cloud Px (Eqn. 4).
6: Compute centroid px from Px.
7: Find Ntop nearest neighbors Itop from Q (Eqn.

5).
8: Initialize SB(x) ∈ RC to zeros.
9: for each neighbor i ∈ Itop do

10: Compute Energy Distance dEi (Eqn. 6).
11: Compute voting weight wi (Eqn. 7).
12: Let j = class(i).
13: SB(x)j = SB(x)j +wi {Accumulate (Eqn.

8)}
14: end for
15: // Step 3: Confidence Combination
16: // Strategy 1: DECENT-R (Robust)
17: Sfinal = (1− κ) · SA + κ · SB (Eqn. 9).
18: ŷR = arg maxj(Sfinal)j (Eqn. 10).
19: sconf,R = maxj(Sfinal)j (Eqn. 10).
20: //Strategy 2: DECENT-S (Sensitive)
21: ŷS = arg maxj(SA)j (Eqn. 11).
22: sconf,S = (1−κ) ·SA(ŷS)+κ ·SB(ŷS) (Eqn.

12).

DECENT-S (Sensitive): Our second strategy,
named for its high sensitivity in detection, is
DECENT-S (Decoupled Prediction). The predic-
tion ŷ is determined solely by the semantic branch
SA. The confidence sconf is a fusion of the specific
scores from both branches at the predicted class ŷ.

ŷ = argmax
j

(SA)j , (11)

sconf = (1− κ) · SA(ŷ) + κ · SB(ŷ). (12)

4 Experiments

4.1 Experimental Settings
Datasets. To comprehensively evaluate the DE-
CENT model, we conduct experiments on several
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Table 1: Misclassification detection performance comparison on eight benchmark datasets (Part 1: DTD, Aircraft,
and Pets). All methods are evaluated using CLIP ViT-B/16 as the base VLM (Radford et al., 2021). For the baselines,
TrustVLM-C and -D use CLIP-I and DINOv2 as auxiliary encoders, respectively (Dong et al., 2025). The best
results are shown in boldface . AURC scores are multiplied by 103, following previous work (Zhu et al., 2023). ↑
means higher is better, and ↓ means lower is better. Results for the remaining datasets are shown in Table 2.

Datasets DTD Aircraft Pets
Method AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑
MaxLogit 395.13 69.63 85.23 44.39 731.25 55.73 93.77 23.85 48.75 75.37 68.59 88.23
Energy 433.25 64.82 90.01 44.39 780.11 45.48 97.71 23.85 56.23 71.90 70.67 88.23
Entropy 319.02 79.03 77.05 44.39 575.71 73.12 83.96 23.85 21.91 89.31 53.35 88.23
MCM 333.43 78.16 78.45 44.39 583.28 72.58 81.65 23.85 44.95 77.03 64.90 88.23
DOCTOR 314.37 79.66 76.51 44.39 575.53 73.05 83.84 23.85 21.08 89.92 55.20 88.23
MSP 313.43 79.81 77.36 44.39 576.97 72.62 85.61 23.85 21.04 89.94 52.19 88.23
TrustVLM-C 302.18 82.52 67.27 44.39 563.77 75.20 81.51 23.85 20.93 89.89 51.73 88.23
TrustVLM-D 268.71 88.55 44.10 44.39 562.02 75.62 83.21 23.85 20.69 90.05 50.81 88.23
TrustVLM*-D 124.15 78.39 72.14 71.57 554.12 75.36 83.05 24.60 20.05 90.30 49.07 88.28
DECENT-R 96.97 83.91 65.04 72.10 291.4 81.10 72.22 46.32 21.01 87.43 64.95 89.42
DECENT-S 233.53 94.52 27.10 43.74 493.17 88.01 52.98 23.79 25.98 93.69 33.50 83.48

widely used and representative benchmark datasets.
These datasets cover diverse visual tasks and are
detailed as follows: (1) FGVCAircraft (Maji et al.,
2013). (2) StanfordCars (Cars) (Krause et al.,
2013). (3) OxfordPets (Parkhi et al., 2012). (4)
Food101 (Bossard et al., 2014). (5) SUN397 (Xiao
et al., 2010). (6) EuroSAT (Helber et al., 2019).
(7) UCF101 (Soomro et al., 2012). (8) Describ-
able Textures Dataset (DTD) (Cimpoi et al., 2014).
Collectively, these datasets span a diverse range
of visual tasks and represent the core benchmarks
used by TrustVLM (Dong et al., 2025), thereby
ensuring a fair and comprehensive comparison for
our evaluation.
Baselines. We compare DECENT against nine
training-free baseline methods to ensure a fair eval-
uation. Six classical methods: MSP (Hendrycks
and Gimpel, 2016), MaxLogit (Hendrycks and
Gimpel, 2016), Entropy (Hendrycks and Gimpel,
2016), Energy (Liu et al., 2020b), MCM (Ming
et al., 2022), and DOCTOR (Granese et al., 2021).
Three SOTA methods: TrustVLM-C (Dong et al.,
2025), TrustVLM-D (Dong et al., 2025), and
TrustVLM*-D (Dong et al., 2025).
Evaluation Metrics. We adopt four standard met-
rics to comprehensively evaluate model perfor-
mance: (1) ACC (Accuracy, ↑): Measures clas-
sification accuracy. Higher is better. (2) AURC
(Area Under the Risk-Coverage Curve, ↓) (Geif-
man and El-Yaniv, 2017): Measures the prediction
risk (error rate) as confidence varies. Lower is bet-
ter. (3) AUROC (Area Under the ROC Curve, ↑):
Measures the detector’s ability to distinguish be-
tween correct and incorrect predictions. Higher
is better. (4) FPR95 (False Positive Rate at 95%
TPR, ↓) (Hendrycks and Gimpel, 2016): Measures

how many incorrect predictions are missed (false
positives) when 95% of correct predictions (true
positives) are recalled. Lower is better.
Implementation Details. Our method utilizes a
dual-branch architecture. Our VLM (MA) utilizes
CLIP ViT-B/16, consistent with the baseline pa-
pers. The auxiliary encoder (MB) is CLIP-I (i.e.,
CLIP’s image-side vision encoder). All experi-
ments were conducted on a single NVIDIA RTX
4090 GPU.

4.2 Main Results

We conduct a comprehensive comparison of
our proposed DECENT framework against nine
training-free baseline methods across eight bench-
mark datasets. All evaluations are based on the
CLIP ViT-B/16 VLM. The detailed results, pre-
sented in Table 1 and Table 2, clearly demonstrate
that both DECENT strategies establish a new state-
of-the-art.
DECENT-R: SOTA Accuracy and Risk. Our
DECENT-R strategy, which fuses both branches
for prediction, functions as a superior and more
robust classifier. As shown in Table 1 and Table 2,
DECENT-R achieves SOTA Accuracy (Acc) across
all eight datasets. Its average accuracy of 77.59%
represents a substantial absolute improvement of
6.69% over the strongest baseline TrustVLM*-D
(70.90%). Furthermore, DECENT-R dominates the
risk-aware metric, achieving SOTA AURC (lower
is better) on seven of the eight datasets (all except
Pets). Its average AURC of 82.51 is less than 60%
of the score from TrustVLM*-D (139.22), con-
firming its ability to effectively mitigate prediction
risk by correcting the VLM’s original misclassifi-
cations.
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Table 2: Misclassification detection performance comparison (Part 2: Remaining datasets). Please refer to the
caption of Table 1 for setup details and metric definitions.

Datasets Cars EuroSAT UCF101
Method AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑
MaxLogit 259.81 61.94 89.58 65.61 522.56 59.42 87.79 42.10 258.47 61.85 91.41 65.21
Energy 304.90 54.85 93.89 65.61 568.57 53.44 88.30 42.10 299.84 55.38 94.83 65.21
Entropy 145.61 79.83 75.76 65.61 389.07 72.18 83.16 42.10 130.10 83.97 70.52 65.21
MCM 248.87 63.77 85.97 65.61 416.37 71.28 81.18 42.10 188.00 74.14 75.47 65.21
DOCTOR 138.00 81.50 73.66 65.61 368.77 74.43 81.69 42.10 123.41 85.67 65.81 65.21
MSP 136.27 81.95 72.25 65.61 355.66 76.39 80.65 42.10 122.44 85.98 64.89 65.21
TrustVLM-C 129.45 83.67 67.73 65.61 322.52 82.90 55.73 42.10 111.95 88.69 55.93 65.21
TrustVLM-D 137.54 82.05 70.62 65.61 303.79 85.48 53.52 42.10 107.13 90.21 50.68 65.21
TrustVLM*-D 137.97 81.73 71.25 65.83 72.96 74.87 73.50 83.56 65.26 86.23 62.93 77.11
DECENT-R 82.11 80.34 72.66 77.30 12.72 90.41 52.35 92.12 45.21 89.86 46.97 80.81
DECENT-S 100.68 90.93 42.11 66.01 193.41 99.26 3.38 45.25 77.59 95.48 21.49 67.64
Datasets Food101 SUN397 Average
Method AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑
MaxLogit 67.81 75.81 78.13 83.66 278.17 62.77 90.46 62.57 320.24 65.31 85.62 59.45
Energy 76.05 72.33 84.69 83.66 304.50 58.34 93.47 62.57 352.93 59.57 89.2 59.45
Entropy 55.80 83.76 63.73 83.66 194.33 75.19 80.97 62.57 228.94 79.54 73.57 59.45
MCM 60.90 79.90 67.23 83.66 242.95 69.09 83.62 62.57 264.84 73.25 77.31 59.45
DOCTOR 54.99 84.39 61.11 83.66 184.41 77.35 77.37 62.57 222.57 80.74 71.90 59.45
MSP 54.80 84.51 59.73 83.66 182.39 77.90 76.42 62.57 220.38 81.14 71.14 59.45
TrustVLM-C 36.02 88.34 57.67 83.66 171.89 80.39 69.20 62.57 207.34 83.95 63.35 59.45
TrustVLM-D 36.18 88.52 55.96 83.66 156.16 83.80 58.44 62.57 199.02 85.53 58.40 59.45
TrustVLM*-D 35.01 88.49 57.47 84.10 104.25 82.31 72.82 72.18 139.22 82.21 67.78 70.90
DECENT-R 22.47 90.35 53.26 87.39 88.13 81.78 71.86 75.22 82.51 85.65 62.41 77.59
DECENT-S 26.27 93.66 33.34 83.63 112.8 88.85 50.80 65.34 157.98 93.02 33.28 59.86

DECENT-S: SOTA Detection Performance. For
the task of pure misclassification detection (i.e.,
without altering the VLM’s prediction), the
DECENT-S strategy exhibits sensitivity and re-
liability. As evidenced in Table 1 and Table 2,
DECENT-S achieves SOTA performance on all
eight datasets for both AUROC (higher is better)
and FPR95 (lower is better). It attains an aver-
age AUROC of 93.02% and an average FPR95 of
33.28%. This represents a massive leap in detec-
tion capability compared to the best SOTA base-
line, TrustVLM-D. This superiority is particularly
stark on datasets like EuroSAT, where DECENT-S
achieves a near-perfect AUROC (99.26%) and a
minimal FPR95 (3.38%).

4.3 Ablation Study

Table 3 validates the contribution of each core com-
ponent, including text templates, the distributional
branch, feature point clouds, fine-grained proto-
types.
Ablation on DECENT-R. For robust classifica-
tion, the semantic branch alone is limited: adding
multi-template prototypes only improve Acc from
58.23% to 59.86% and reduce AURC from 253.48
to 238.38. In contrast, introducing the distribu-
tional branch substantially improves Acc to 77.59%
and reduces AURC to 82.51, confirming its main
contribution to classification robustness. Remov-

Table 3: Ablation studies on core components of
DECENT-R and DECENT-S We report AURC↓,
AUROC↑, FPR95↓, and Accuracy↑. All results are
the averages of the eight datasets used in previous work.
Red arrows indicate performance drop compared to the
full model. Best results in boldface.

Method Variant AURC↓ AUROC↑ FPR95↓ Acc↑

DECENT-R

Model MA only (No Template) 253.48 ↑ 170.97 76.34 ↓ 9.31 74.57 ↑ 12.16 58.23 ↓ 19.36
Model MA only 238.38 ↑ 155.87 76.97 ↓ 8.68 74.43 ↑ 12.02 59.86 ↓ 17.73
w/o Feature Point Cloud (Px) 83.17 ↑ 0.66 85.52 ↓ 0.13 62.52 ↑ 0.11 77.35 ↓ 0.24
w/o Fine-grained Prototypes 96.86 ↑ 14.35 83.98 ↓ 1.67 66.98 ↑ 4.57 74.84 ↓ 2.75
Full Model 82.51 85.65 62.41 77.59

DECENT-S

Model MA only (No Template) 253.48 ↑ 95.5 76.34 ↓ 16.68 74.57 ↑ 41.29 58.23 ↓ 1.63
Model MA only 238.38 ↑ 80.4 76.97 ↓ 16.05 74.43 ↑ 41.15 59.86 = 0.00
w/o Feature Point Cloud (Px) 160.92 ↑ 2.94 92.68 ↓ 0.34 34.63 ↑ 1.35 59.86 = 0.00
w/o Fine-grained Prototypes 164.65 ↑ 6.68 91.5 ↓ 1.52 39.49 ↑ 6.21 59.86 = 0.00
Full Model 157.98 93.02 33.28 59.86

ing fine-grained prototypes or the feature point
cloud degrades performance to 74.84%/96.86 and
77.35%/83.17 in Acc/AURC, respectively, showing
that both components are beneficial.
Ablation on DECENT-S. For sensitive misclas-
sification detection, the semantic branch achieves
only 76.97% AUROC and 74.43% FPR95. Fus-
ing the distributional score improves AUROC to
93.02% and reduces FPR95 to 33.28%, demonstrat-
ing that distributional evidence is the key source
of detection sensitivity. Removing fine-grained
prototypes or the feature point cloud consistently
weakens detection, yielding 91.50%/39.49% and
92.68%/34.63% in AUROC/FPR95, respectively.

4.4 Sensitivity Analysis
We conducted a sensitivity analysis to evaluate
the impact of key hyperparameters on DECENT-
R (classification performance: Acc and AURC)

37864



0.25 0.5 0.75 1.0

Fusion Parameter ( )
70.0

72.0

74.0

76.0

78.0

80.0

Ac
cu

ra
cy

 (
)

Accuracy ( )
AURC ( )

70

75

80

85

90

95

100

AU
R

C
 (

)

DECENT-R

1 2 4 8 16 32

Num. of Augmentations (V)
70.0

72.5

75.0

77.5

80.0

82.5

85.0

87.5

90.0

Ac
cu

ra
cy

 (
)

Accuracy ( )
AURC ( )

80

82

84

86

88

90

AU
R

C
 (

)

DECENT-R

0.25 0.5 0.75 1.0

Fusion Parameter ( )
90.0

91.0

92.0

93.0

94.0

95.0

AU
R

O
C

 (
)

AUROC ( )
FPR95 ( )

30.0

32.0

34.0

36.0

38.0

40.0

FP
R

95
 (

)

DECENT-S

1 2 4 8 16 32

Num. of Augmentations (V)
90.0

90.5

91.0

91.5

92.0

92.5

93.0

93.5

94.0

AU
R

O
C

 (
)

AUROC ( )
FPR95 ( )

32.0

34.0

36.0

38.0

40.0

42.0

44.0

FP
R

95
 (

)

DECENT-S

Figure 2: Sensitivity analysis for DECENT. All results
are the averages of the eight datasets. We evaluate
Accuracy (Acc ↑, green) and AURC (↓, orange) for
DECENT-R, and AUROC (↑, blue) and FPR95 (↓, red)
for DECENT-S, by varying the fusion parameter (κ)
and number of augmentations (V ).

and DECENT-S (detection performance: AUROC
and FPR95). We analyzed the fusion parameter κ
and the number of augmentations V , with results
presented in Figure 2.
Fusion Parameter (κ). This parameter balances
the semantic (SA) and distributional (SB) branches.
As shown in Figure 2, both strategies demonstrate
strong performance across the evaluated κ val-
ues, reaching a near-optimal balance at κ = 0.5,
DECENT-R AURC 82.51; DECENT-S AUROC
93.02%, FPR95 33.28%. This confirms that an
equal fusion (κ = 0.5) is a robust default choice.
Number of Augmentations (V ). This parameter
controls the feature cloud size Px. We evaluated
V ∈ {1, 2, 4, 8, 16, 32}. As shown in Figure 2, a
single sample (V = 1) yields suboptimal perfor-
mance, indicating that a multi-sample point cloud
(V > 1) is critical. For both DECENT-R and
DECENT-S, performance steadily improves as V
increases, peaking at V = 16.

4.5 Case Study

Figure 3 presents representative EuroSAT cases
comparing DECENT with Model MA and
TrustVLM-D/*D. For correctly classified samples,
DECENT-S assigns higher confidence than the
baselines; for misclassified samples, it produces
low confidence and successfully flags the error. In
harder cases where both baselines fail, DECENT-R

Highway

DECENT-S Prediction: Correct (high score)
-------------------------------------------
Model A only Prediction: Correct (low score)
-------------------------------------------
TrustVLM-D Prediction: Correct (low score)

Permanent Crop

Pasture

DECENT-S Prediction: Incorrect (low score)
-------------------------------------------
Model A only Prediction: Incorrect (high score)
-------------------------------------------
TrustVLM-D Prediction: Incorrect (high score)

DECENT-R Prediction: Correct
---------------------------------
Model A only Prediction: Incorrect
---------------------------------
TrustVLM-*D Prediction: Incorrect

Figure 3: Qualitative comparison of DECENT against
baselines on the EuroSAT dataset.

(a) TrustVLM-*D (b) Model MA only (c) DECENT-R

Figure 4: Blue crosses represent incorrect classifica-
tions, and purple dots represent correct classifications.

can revise the prediction by incorporating distri-
butional evidence, demonstrating its classification
robustness.

4.6 Visualization

Feature Space Separability. Figure 4 shows that
correct and incorrect samples are entangled for
TrustVLM-*D and Model MA, while DECENT-R
produces clearer feature-space separation, explain-
ing its robust classification gains in Tables 1 and 2.

Confidence Score Distribution. Figure 5 shows
severe overlap between correct and incorrect sam-
ples for the baselines. In contrast, DECENT-S
produces more separable confidence distributions,
consistent with its stronger AUROC performance.

Score
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Correct Predictions
Wrong Predictions

(a) TrustVLM-D
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(b) Model MA only
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Correct Predictions
Wrong Predictions

(c) DECENT-S

Figure 5: The x-axis represents the score, the y-axis rep-
resents the frequency, blue represents misclassification,
and purple represents correct classification.
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5 Conclusion

This paper proposes DECENT, a framework for
VLM misclassification detection that integrates se-
mantic alignment with a distributional score. Exten-
sive experiments validate that DECENT achieves
new state-of-the-art results for both classification
robustness (DECENT-R) and detection sensitivity
(DECENT-S).

Limitations

DECENT has two main limitations. First, it in-
curs additional inference cost because it uses multi-
view feature extraction, nearest-prototype search,
and distribution distance computation. While this
cost is manageable in our experiments, future work
can further reduce it through approximate search,
prototype pruning, or adaptive view selection. Sec-
ond, DECENT requires a labeled reference set to
build fine-grained class prototypes. This makes
the method less suitable for scenarios where la-
beled reference data are unavailable or significantly
mismatched with the test distribution. Extending
DECENT to weakly supervised, unlabeled, and
open-vocabulary settings is a promising direction.
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Table A1: Statistics of the Reference Dataset (Dref ,
derived from official Training splits) used for prototype
construction and the Test Dataset used for evaluation.

Dataset Reference (Dref / Train) Test
Aircraft 3,334 3,333
Cars 6,509 8,041
DTD 2,820 1,692
EuroSAT 13,500 8,100
Food101 50,500 30,300
Pets 2,944 3,669
SUN397 15,880 19,850
UCF101 7,639 3,783

A Implementation Details

This section provides a comprehensive and exhaus-
tive account of the technical specifications required
to fully reproduce the findings presented in our
main paper. We meticulously detail our model
choices, the complete set of hyperparameters, and
the precise methodologies used for constructing
both the semantic and distributional features that
form the core of our DECENT framework.

A.1 Reference Dataset Statistics.

The prototype database (Q,Z) is explicitly con-
structed using the official training split of each
benchmark as the reference dataset Dref . Conse-
quently, the size of the prototype source (Nref )
corresponds exactly to the training set size. The
specific sample counts for the reference dataset
(used for construction) and the test dataset (used
for evaluation) across all eight benchmarks are de-
tailed in Table A1.

A.2 Semantic Prototype Construction (Text
Templates)

To construct robust text-semantic prototypes µT
j

and mitigate potential prompt sensitivity, we em-
ployed a multi-template enhancement strategy. For
each class name (e.g., "highway" or "permanent
crop"), we generated 11 distinct text prompts by
inserting the class name into the templates listed
below. The CLIP text encoder was used to extract
features for all 11 prompts, which were then L2-
normalized, averaged, and L2-normalized again to
produce the final, stable class-semantic center µT

j .
The 11 templates used are:

'a photo of {class name}.'
'a photo of the {class name}.'
'an image of {class name}.'

'an image of the {class name}.'
'a picture of {class name}.'
'a picture of the {class name}.'
'a photograph of {class name}.'
'a photograph of the {class name}.'
'This is a photo of {class name}.'
'A photo showing {class name}.'
'An image depicting {class name}.'

B Extended Model Performance

To demonstrate the universality and scalability of
our framework, we extend our evaluation beyond
the standard settings used in the main paper. While
our primary experiments utilize ViT-B/16 as the
auxiliary visual encoder MB , we investigate how
the DECENT framework adapts to different back-
bone capacities by testing ResNet-50 and ViT-L/14
(detailed in Table A2 and Table A3). Furthermore,
we thoroughly evaluate the impact of different vi-
sion foundation models (Table A4) and distance
measurement algorithms (Table A5). Through
these extensive ablations, we observe the following
consistent properties:

Scalability: There is a positive correlation be-
tween the visual encoder’s capacity and the final
performance. The larger ViT-L/14 consistently out-
performs the baseline ViT-B/16, while ResNet-50
yields lower but still effective results.

Impact of Vision-Language Alignment: To
evaluate the universality of DECENT, we replaced
the default CLIP encoder with other state-of-the-
art vision foundation models, namely SigLIP and
DINOv2. As shown in Table A4, SigLIP achieves
performance levels comparable to CLIP. This suc-
cess is attributed to its robust vision-language align-
ment, which ensures a rich, semantically structured
embedding space where text and image features are
naturally co-located—a prerequisite for our seman-
tic branch. Conversely, DINOv2 exhibits signifi-
cantly sub-optimal performance. While DINOv2
provides powerful discriminative visual features,
it lacks the cross-modal alignment necessary to
link image distributions to text-based category pri-
ors. In the DECENT framework, the distributional
score SB functions as a calibrator for the seman-
tic score SA; without the foundational semantic
anchor provided by multi-modal pre-training, the
structural information captured by DINOv2 fails to
translate into effective misclassification detection.

Superiority of Distribution-Level Measure-
ment: We further benchmarked our proposed En-
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Table A2: Different visual backbones on DECENT-R. Best results are in bold.

Datasets DTD Aircraft Pets

DECENT-R AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑
RN50 123.93 82.99 68.56 67.27 487.28 72.01 91.23 32.25 76.66 90.46 56.26 70.84
ViT-B/16 96.97 83.91 65.04 72.10 291.40 81.10 72.22 46.32 21.01 87.43 64.95 89.42
ViT-L/14 79.24 83.86 64.63 75.77 323.07 63.00 95.46 54.37 17.91 91.50 55.06 88.42

Datasets Cars EuroSAT UCF101

DECENT-R AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑
RN50 168.88 84.06 50.95 61.19 65.75 71.86 76.55 87.63 77.36 86.98 61.99 73.65
ViT-B/16 82.11 80.34 72.66 77.30 12.72 90.41 52.35 92.12 45.21 89.86 46.97 80.81
ViT-L/14 55.32 80.57 73.50 83.20 39.23 59.87 88.26 94.95 27.98 89.97 51.26 86.39

Datasets Food101 SUN397 Average

DECENT-R AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑
RN50 56.00 87.22 61.54 78.55 96.41 81.41 72.38 74.06 143.66 82.12 67.43 68.23
ViT-B/16 22.47 90.35 53.26 87.39 88.13 81.78 71.86 75.22 82.51 85.65 62.41 77.59
ViT-L/14 10.49 92.40 44.03 91.93 73.44 82.08 70.95 78.24 78.34 80.41 67.89 81.66

Table A3: Different visual backbones on DECENT-S. Best results are in bold.

Datasets DTD Aircraft Pets

DECENT-S AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑
RN50 241.99 92.99 32.88 43.74 540.96 79.22 79.53 23.79 37.14 88.67 48.02 83.48
ViT-B/16 233.53 94.52 27.10 43.74 493.17 88.01 52.98 23.79 25.98 93.69 33.50 83.48
ViT-L/14 226.88 95.63 21.95 43.74 505.22 84.84 74.57 23.79 26.41 93.97 27.56 83.48

Datasets Cars EuroSAT UCF101

DECENT-S AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑
RN50 138.68 82.43 72.48 66.01 216.85 95.63 24.98 45.25 81.95 93.84 29.76 67.64
ViT-B/16 100.68 90.93 42.11 66.01 193.41 99.26 3.38 45.25 77.59 95.48 21.49 67.64
ViT-L/14 108.78 90.51 46.07 66.01 206.25 97.89 2.60 45.25 70.04 97.44 10.87 67.64

Datasets Food101 SUN397 Average

DECENT-S AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑
RN50 35.99 88.74 52.27 83.63 128.99 85.60 62.15 65.34 177.81 88.39 50.26 59.86
ViT-B/16 26.27 93.66 33.34 83.63 112.80 88.85 50.80 65.34 157.98 93.02 33.28 59.86
ViT-L/14 19.41 97.26 13.58 83.63 113.98 89.18 51.42 65.34 159.62 93.34 31.08 59.86

Table A4: Performance of different vision foundation models on DECENT-R and DECENT-S.

Models
DECENT-R DECENT-S

AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑
SigLip 52.74 88.14 57.88 83.01 146.96 95.86 19.98 59.86
DinoV2 672.96 62.35 86.80 26.09 244.01 76.89 68.07 59.86
Clip 82.51 85.65 62.41 77.59 157.98 93.02 33.28 59.86

Table A5: Performance after replacing energy distance with other algorithms on DECENT-R and DECENT-S.

Methods
DECENT-R DECENT-S

AURC↓ AUROC↑ FPR95↓ Acc↑ AURC↓ AUROC↑ FPR95↓ Acc↑
KNN 103.61 84.05 66.39 74.56 166.29 90.94 41.27 59.86
TTA 87.23 84.56 64.50 77.17 160.21 92.44 34.81 59.86
Energy Distance 82.51 85.65 62.41 77.59 157.98 93.02 33.28 59.86
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ergy Distance against widely used point-to-point
algorithms, specifically KNN and TTA (Table A5).
The results clearly demonstrate that Energy Dis-
tance yields superior results. The performance gap
stems from the fact that KNN and TTA rely on
instance-level (point-to-point) similarities, which
are highly sensitive to local noise and individual
sample outliers. Conversely, Energy Distance op-
erates on a distribution-to-distribution level. By
measuring the divergence between the augmented
test point cloud Px and the prototype cluster distri-
butions, it comprehensively captures macroscopic
distribution shifts, providing a more stable and ro-
bust signal for identifying OOD samples and mis-
classifications.

This analysis confirms that DECENT is a flex-
ible and highly effective framework. It clearly
demonstrates that the combination of vision-
language aligned models and distribution-aware
metrics forms the optimal synergy for our task.

C Additional Case Study

Failure Case Analysis. A primary failure mode
arises when overly aggressive augmentations com-
promise the semantic integrity of the input image.
This leads to a compromised Px extracted by MB

and a misleading distributional score SB . These lo-
calized failures, illustrated in Figure A1, delineate
the method’s robustness limits.

DECENT-S Failure Cases (Detection Failure).
As illustrated in the top-left case (e.g., “Diner”),
the VLM (MA) correctly classifies the sample with
high confidence. However, excessive augmentation
artifacts distort the feature point cloud Px, resulting
in a low distributional score SB . This anomalously
low SB unduly penalizes the correct semantic score
SA, resulting in a low final confidence sconf . Con-
versely, the left case (e.g., “Iceberg”) demonstrates
a missed detection where the VLM prediction is
incorrect. Ideally, this should yield a low SB . How-
ever, due to stochastic augmentation noise, the dis-
torted Px coincidentally aligns with the prototype
of an incorrect class, generating an artificially high
SB . This misleading signal masks the VLM’s er-
ror, resulting in a high sconf and failing to flag the
misclassification.

DECENT-R Failure Cases (Robustness Failure).
The sample illustrates a failure case where the
VLM (MA) originally classified the sample cor-
rectly. However, extreme augmentation distortion
caused the feature point cloud Px (extracted by

Diner

DECENT-S Prediction: Correct (low score)
-------------------------------------------
Model A only Prediction: Correct (high score)
-------------------------------------------
TrustVLM-D Prediction: Correct (high score)

Iceberg

Rainforest

DECENT-S Prediction: Incorrect (high score)
-------------------------------------------
Model A only Prediction: Incorrect (low score)
-------------------------------------------
TrustVLM-D Prediction: Incorrect (low score)

DECENT-R Prediction: Incorrect
---------------------------------
Model A only Prediction: Correct
---------------------------------
TrustVLM-*D Prediction: Correct

Figure A1: Qualitative examples of DECENT’s failure
modes.

MB) to generate an SB vector that strongly fa-
vored an incorrect class. In the fusion process
Sfinal = (1 − κ)SA + κSB , this erroneous SB

signal overrode the correct SA signal, resulting in
an incorrect final prediction.

D Computational Cost

Our DECENT framework is a training-free method;
thus, its computational cost does not involve
gradient-based optimization. The cost is divided
into a one-time offline setup cost and a per-sample
online inference cost. All benchmarks were con-
ducted on a single NVIDIA RTX 4090 GPU.

Offline Preparation Cost. Before inference, a
prototype database (Q,Z) must be constructed for
each benchmark dataset. This is a one-time cost.
Feature Extraction: The primary cost is extract-
ing features for the entire reference dataset Dref

(i.e., the training split). This requires Nref (num-
ber of reference samples) forward passes through
the auxiliary encoder MB (CLIP ViT-B/16). Clus-
tering: We then perform C (number of classes)
independent K-Means clustering operations on the
extracted features. This entire process is highly
efficient. On our 4090 GPU, we can process ap-
proximately 150,000 images (including both fea-
ture extraction and clustering) in roughly one hour.
This offline cost is only incurred once per dataset.

Online Inference Cost. The online cost is the
latency required to process a single test image x.
This involves three steps: SA (Semantic Score)
Computation: This requires one forward pass of
the VLM MA (image encoder) and a negligible
similarity calculation. SB (Distributional Score)
Computation: This is the main computational bot-
tleneck. It requires forward passes of MB (e.g.,
V = 16) to generate the feature point cloud Px,
one Ntop nearest neighbor search (e.g., Ntop = 16)
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against the
∑︁C

j=1Kj prototype centroids, and Ntop

Energy Distance computations between Px and the
Ntop neighboring cluster member sets Zi. Fusion
has a negligible cost for a single weighted sum of
SA and SB .

In Summary, the total inference cost is domi-
nated by the V +1 forward passes and the Ntop En-
ergy Distance calculations. On our single NVIDIA
RTX 4090, our implementation achieves an online
inference throughput of approximately 300 images
per minute (i.e., ∼200 ms per image). While this
is more expensive than baselines like MSP (1 pass)
or TrustVLM-D (2 passes).
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