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ABSTRACT: Large Vision-Language models (VLMs) such as Contrastive Language-Image Pretraining (CLIP) have
transformed open world image recognition. Nevertheless, few-shot classification, particularly in the extremely low-
shot regime, requires not only high accuracy but also reliably calibrated uncertainty for decisions with high confidence.
Existing training-free CLIP adapters are primarily designed to increase accuracy and efficiency; integrate the zero-shot
text logits with the few-shot feature caches, but not definitely model predictive uncertainty and therefore often exhibit
considerable miscalibration and weak selective performance. Bayesian adapters move in the direction of probabilistic
modeling by placing priors over adapter parameters and employing task-specific variational training; however, this
requires gradient-based optimization for every new task, increases computational costs, and becomes fragile when
only one or two labeled examples per class are available. Starting from this observation, we introduce a training-free
posterior-predictive Likelihood Ratio Adapter(LiRA-CLIP) for few-shot CLIP classification, which directly addresses
probabilistic reliability under strict low-shot and deployment constraints. LiRA-CLIP extends the frozen CLIP head
by a text-conditioned generative model in feature space that produces heavy-tailed posterior-predictive likelihood
ratios, fused with the CLIP logits via a small, reliability-driven calibration layer. This layer is optimized in order to
minimize the negative log-likelihood under an explicit accuracy side constraint, which leads to calibrated probabilities
and dependable selective decisions without any gradient-based task-specific training. Extensive experiments show that
LiRA-CLIP matches or slightly surpasses strong CLIP adapters in top-1 accuracy, while reducing calibration error
by roughly 40%-50% and significantly increasing 95% and 99% reliable coverage in the low-shot regime, and thus
establishes a new state of the art with respect to probabilistic reliability for training-free few-shot CLIP models.

KEYWORDS: Vision-language models; few-shot learning; CLIP; training-free; uncertainty calibration;
selective classification; posterior predictive modeling

1 Introduction

Large pre-trained Vision-Language Models (VLMs) such as CLIP [1] have provided transferable
representations and a prompt-based zero-shot encoder. Web-scale variants [2] trained with noisy text
supervision increase transfer under distribution shift. Adaptation have been applied in few-shot image
classification to improve over zero-shot prompting, but reported gains can strongly depend on task-specific
model selection and may collapse under distribution shift in low-data settings [3]. Most adaptation methods
are gradient-based, including prompt-learning methods that optimize continuous context tokens while
keeping the CLIP backbone frozen [4,5], and lightweight tuning methods that optimize a minimal set of
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task parameters on top of frozen CLIP encoders [6]. In addition, feature-adapter approaches introduce
bottleneck modules downstream of the encoders, where these are the only parameters updated during
training to ensure that the CLIP backbone remains frozen [7]. To bridge domain shifts and exploit limited
labeled data, few-shot adapters refine or extend CLIP with limited supervision [8,9]. Training-free caching
approaches such as Tip-Adapter [10] combine few-shot visual features with text prompts in order to obtain
robust performance gains. Subsequent nonparametric and prototype-based adapters show that cache-like
adaptation can rival or surpass traditional fine-tuning under strict time and compute budgets [11,12], and
kernel-based analyses provide theoretical grounding and starting points for further improvements [13].
Recent methods have explored multimodal fusion, attention mechanisms, and prototype mechanisms in
order to improve generalization and robustness [14,15].

Despite these advances, there remains, for current few-shot CLIP adapters, a gap between accuracy
and probabilistic reliability, in particular in the extreme low-shot regime. Training-free cache and prototype
adapters [8,13] are optimized for discriminative performance. They reweight zero-shot text logits or fuse
them with support-set similarities of feature representations, but they treat these scores as deterministic
functionals in the embedding space and do not model predictive uncertainty in a probabilistic manner. As
a consequence, they often exhibit substantial miscalibration and weak performance under selective classifi-
cation metrics, even when their top-1 accuracy is high. Few-shot OOD detectors generally target detection
metrics instead of calibrated in-domain confidence [16]. Although meta-learned online adapters [9] indeed
avoid task-specific fine-tuning, they still rely on extensive offline training and optimized for discriminative
accuracy rather than for calibrated uncertainty.

By contrast, Bayesian adapters such as BayesAdapter [17] do introduce probabilistic structure; however,
they place priors over adapter parameters and require gradient-based, task-specific training by means
of variational inference. This improves the quality of uncertainty estimation in moderate data regimes,
but increases adaptation time and, according to reports, shows particular brittleness or instability in the
extreme low-shot regime, especially when only one or two labeled examples per class are available. To the
best of our knowledge, there currently exists no training-free CLIP adapter that, under a strict few-shot
protocol with only a handful of labeled examples per class, simultaneously performs adaptation in closed
form without task-specific gradient-based optimization, explicitly targets calibrated probabilities and high-
confidence selective metrics, and operates under strict latency and memory constraints that are suitable
for deployment. Existing training-free adapters prioritize discriminative accuracy without a well-founded
probabilistic uncertainty model, whereas Bayesian adapters trade training-free adaptation for task-specific
variational optimization.

We address this gap by proposing LiRA-CLIP, a training-free posterior-predictive Likelihood Ratio
Adapter for few-shot CLIP classification. LiRA-CLIP extends the frozen CLIP classifier by a text-conditioned
Bayesian generative model over background-whitened image features, whose posterior-predictive likelihood
ratios with respect to a pooled background define a single heavy-tailed generative evidence stream. This
generative stream is fused with the CLIP logits through a unified, reliability-driven mechanism a margin-
based confidence gate and a lightweight calibration layer which together act as a two-stream probabilistic
adapter and, in a fully training-free, deterministic setting, produce calibrated probabilities and reliable
high-confidence selective decisions. Across six standard benchmarks for few-shot adaptation and two CLIP
backbones. Our training-free, text-conditioned Bayesian decision rule consistently improves calibration
metrics (ECE and AECE) and high-confidence selective coverage at 95% and 99% target accuracy in
the low-shot regime relative to plain CLIP, fine-tuned, and trained Bayesian adapters. As the budget of
labeled data grows, LiRA-CLIP remains competitive in top-1 accuracy on all benchmarks while preserving
its reliability advantages. These gains persist across a broad range of recent state-of-the-art adapters and
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support posterior-predictive likelihood-ratio fusion as a well-founded and practical path toward trustworthy
few-shot CLIP adaptation.

Our contributions can be summarized as follows:

«  We introduce LiRA-CLIP a training-free CLIP adapter that extends CLIP by a text-conditioned,
posterior-predictive generative model over whitened image features. Producing a reliable heavy-tailed
Student-t likelihood-ratio (t-PLLR) stream specifically in the extreme low-shot regime and can be fused
with CLIP without any gradient-based, task-specific optimization.

o We define a few-shot CLIP adaptation as a single reliability-driven calibration problem in a compact
probabilistic adapter, where unifying both stream-specific temperatures and a global generative fusion
coefficient. Leading to calibrated probabilities and reliable selective decisions at 95% and 99%, while
retaining competitive top-1 accuracy.

o  Through extensive experiments on six few-shot benchmarks with two CLIP backbones, Consistently
LiRA-CLIP improves probabilistic reliability with clearly reduced calibration errors (ECE and AECE)
and higher reliable coverage at 95% and 99% in the low-shot regime. It matches or closely trails the
best existing adapters in top-1 accuracy. Additionally, we conduct targeted ablation studies on prior
hyperparameters and a lightly fine-tuned variant (LiRA-CLIP-F) showing that these reliability gains
are robust and that the fully training-free formulation is particularly advantageous under extreme
data scarcity.

2 Related Work
2.1 Few-Shot CLIP Adaptation

Few-shot adaptation to new classes can be commonly categorized into three groups: prompt learning,
which optimizes continuous tokens while the CLIP encoders remain frozen [4,5], adapters in the embedding
space, connect zero-shot and few-shot evidence with small residual modules [3,6,7], and training-free
and key-value cache models [10,13]. Although gradient-based prompt learning has demonstrated strong
gains [5], its requirement constrains the use of prompt learning in scenarios in which CLIP is available
as a frozen, purely forward-going (black-box) feature extractor. Adapter-based strategies instead operate
in the CLIP embedding space using either fine-tuning a lightweight linear head or a shallow MLP on
frozen features [3,17,18], or by relying on training-free key-value caches that are initialized from the support
set [8,10]. LiRA-CLIP belongs to the family of adapter-based procedures, but is fully training-free and
designed for a protocol with inaccessible weights and purely forward inference. Where both vision and text
encoders of CLIP remain frozen, no gradients are computed, and the adaptation proceeds entirely via a
posterior-predictive decision rule and reliability-driven calibration on frozen features.

2.2 Training-Free Caches

Cache-based CLIP adaptation combines support-set similarities with zero-shot text logits, as in Tip-
Adapter and its variants [8,10,13]. APE [8] refines such cache priors by analyzing inter-class discrepancies
and leveraging the three way interaction between image, cache, and text. It offers both a training-free
variant (APE) and a lightweight trained variant (APE-T) for high accuracy with few parameters. ProKeR [13]
formalizes Tip-Adapter as a Nadaraya-Watson local estimator and highlights the benefit of global informa-
tion via a proximal RKHS regularizer that is solved in closed form, leads to significant improvements in
performance. These cache-based methods; however, treat cache scores as deterministic similarity functionals
in feature space, and do not directly target calibrated uncertainty or selective decisions in the extreme low-
data regime. Building on the low-overhead cache logic, LiRA-CLIP replaces deterministic cache weightings
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with text-anchored Bayesian posterior-predictive scoring in a background-whitened CLIP space. And uses a
pooled background Student-t posterior-predictive likelihood-ratio measure (t-PLLR) as a global generative
reference without the need for any gradient-based optimization.

2.3 Bayesian Uncertainty and Calibration in CLIP Adapters

Recent work investigates uncertainty and calibration in VLMs adaptation methods [19-21].
BayesAdapter [17] in particular shows that a strong adapter can be interpreted as a maximum a posteriori
solution in a probabilistic framework, and that the transition from a point estimate to a Bayesian posterior
over adapter parameters improves calibration and selective classification. These Bayesian approaches for few-
shot learning employ priors to adjust parameters and refine them through task-specific training. Yet, they
have some limitations, specifically in the extreme low shot regime where their advantages diminish in the
1-shot setting or drop, and also demand considerable optimization costs.

LiRA-CLIP is complementary to this Bayesian parameter-space category but instead of placing priors
over adapter weights and updating them through task-specific training, it performs training-free Bayesian
modeling directly in feature space. Using a text-conditioned generative model over background-whitened
CLIP representations to provide a posterior-predictive likelihood-ratio score with respect to a pooled back-
ground. Then, fused it with CLIP logits via a small, accuracy-protected calibration layer. Leading to calibrated
probabilities and reliable high-confidence selective decisions in a fully training-free, posterior-predictive
setting that, to our knowledge, is not obviously addressed by existing CLIP adaptation methods.

Our study focuses on the gap between accuracy and probabilistic reliability in the extreme low-
shot regime for few-shot CLIP classification, with frozen encoders and deployment constraints. Targeted
calibrated point probabilities and high-confidence, accuracy-constrained selective classification using a
training-free adapter that extends the frozen CLIP head without gradient-based, task-specific training.

We have studied training-free few-shot CLIP classification with frozen encoders. LiRA-CLIP performs
closed-form posterior-predictive updates in feature space and applies a fixed two-stream fusion rule,
producing class probabilities over fused logits, Algorithm 1, Eqs. (20) and (21). We selected the fusion
parameters by reliability-driven global calibration on an auxiliary task pool. We reused them unchanged
across tasks, Section 3.9, Eq. (19). We evaluate point-probability reliability using Expected Calibration Error
(ECE) and Adaptive ECE (AECE) and and assess selective classification by measuring coverage under
accuracy constraints at 95% (Sel@95) and 99% (Sel@99) target accuracy as defined in Section 4, Tables 1
and 2. Some of the baseline methods are restricted to CLIP adapters and evaluated under the same strict
few-shot protocol with frozen CLIP encoders and logits-to-probabilities outputs, making them directly
comparable, Section 4. Other uncertainty quantification approaches target different objectives, conformal
prediction [22] outputs prediction sets with coverage guarantees rather than point-probability calibration.
Related probabilistic extensions of frozen VLMs also study uncertainty under different downstream tasks
or uncertainty representations including generalized few-shot semantic segmentation [23] or post-hoc
probabilistic embeddings via GPLVM [24]. These methods are complementary, not directly comparable to
our point-probability calibration (ECE) and selective classification (Sel@99) results under the evaluation
protocol in Section 4.

2.4 LiRA-CLIP’s Key Distinction from Prior Work

We distinguished LiRA-CLIP from prior probabilistic VLM adaptation not by the presence of
uncertainty modeling but by where uncertainty is represented and how it is computed at deployment.
BayesAdapter [17] models uncertainty in parameter space employing priors over adapter parameters and
performing Bayesian posterior inference via task-time optimization such variational updates, instead to
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employ closed-form prediction. ProbVLM [20] instead learns a probabilistic embedding adapter, trained
offline via gradient-based optimization to produce output distributions over frozen VLM embeddings. By
contrast, LIRA-CLIP is a training free method, performs closed-form posterior-predictive inference directly
in frozen CLIP feature space at task time, with no gradient-based updates. Specifically, when given only
support set sufficient statistics in a background-whitened representation Eq. (2), a text-conditioned bind
NIG prior, Eqs. (4) and (5) leading to a Student-t posterior predictive, Eqs. (6)-(9) and a pooled-background
likelihood-ratio evidence stream Eqs. (10) and (11). And then it fused with CLIP logits via a globally calibrated
and frozen scalar rule, Eqs. (16)-(19). This approach keeps the deployment profile strictly forward only,
no backpropagation and no per-sample test-time optimization as in C-TPT [19], and does not require any
per-task calibration or tuning at test time.

3 Methodology

In this section, we present LiRA-CLIP, a training-free posterior-predictive likelihood-ratio adapter for
CLIP. LiRA-CLIP couples a text-conditioned Student-t generative head with the standard CLIP discrimina-
tive head via a confidence gate, and formulates few-shot adaptation as a single, reliability-driven calibration
problem. An overview of the LiRA-CLIP architecture is shown in Fig. 1.

————————————————————————————————————————————————————————————————————

Text prompts

I
I ! p | |
! Lowe Ly ¥ I
| {'a photo of a [class] | | diagonal NiG prior H !
| eg.a photo of a Samoyed | n Hoe = We ! | o }
1
i 1| H

} w,| | supportfeatures|t---a-----------o-os } } 80 }
} Support data : & label : A[pm Vg, N whitened class statistics } } w0 }
| | e QT H !

= & I I
! 2= () €RP | D Hbg Vg H 0 o I
| @ 1 g | - B |
i e [ S——— o2 [ | |

z | i
} @ | queryfeaturei 'i""”""""””’” TTTTTTTTTTTTTT } } 0 - - }
! :z9= o) | . il | Accuracy  Sel@99  Sel@95 }
| | | Tr(z) = log p(i\ c) - lag Pbg (2) i W Pomeranian m Samoyed shepherd |
I I I i
‘ | | Section 3.4 i } ! }
} e W | i e !
i
| : : ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, i Calibrated class probabilities: }
I CLIP . b
1 ! | 1 — _C I per(y=clx) c€C v
} logits : ! l 7#(2) = (rf(z))c=1 !l 3 r o
i o
i | | ) o o 1 |
| | sclip, ~ ' Top-1 prediction:
| Marain-based | | ( 9(2) u.(z,7;0) = o P
! argin-base : : ~ N 9) = argmaxuc (2,2;6") !
| confidence | | Po(y = clz,7") o ¢ : }
! gate ! ! ¥ | N
| | | ! | Confidence score ! !
| | | I o b
| | | 1] 8@ =maxpe (y=clx) v
[ I ! o e¢ |
! | | o .
I ! | Reliability-driven fusion & N L, Reliability decision(99 %): ; |
! | | calibration L predict 3@ fg() 2 7 |
| I | il I
_______________________________________ LT TSR R RS S T 5§ A f A A A A i Ll DAt S S A A Lk L
(a) CLIP discriminative head & margin gate (b) Text-conditioned Student-t generative head (t-PLLR) (c) Reliability-Aware Outputs
+ : Frozen (®: Dot product W, : class text embeddings w : CLIP Text encoder @ CLIP Visual encoder @ ¢ Global Calbrated vector
Text-conditioned NIG class posterior ~ (_\ Background predictive @ studentt predictive & L-PLLR D " Po(y = clz, 2): class probabilities £a16) = u,(z,776): fused logits Eq. (15)

Figure 1: Overview of LiRA-CLIP framework, a training-free posterior-predictive likelihood-ratio adapter for few-
shot CLIP classification. Fig. 1a, a frozen CLIP image encoder ¢ and text encoder ¥ produce image features z = ¢(x)
and class prompts w, = y(c). Their dot products yield zero-shot logits sihp(z) and a margin-based confidence gate
g(z) (discriminative stream). Fig. 1b, support-whitened features Z feed a text-conditioned diagonal normal-inverse-
gamma (NIG) model, leading to Student-t posterior-predictive densities p(Z | ¢) and a pooled background density
Pbg(Z). Their standardized log-likelihood ratios 7. (Z) form the t-PLLR generative stream. Connected with a lightweight
reliability-driven calibration layer fuses the discriminative and generative streams into final logits which are converted
into calibrated class probabilities pg- (¥ = ¢ | x) and high-confidence selective decisions as shown in Fig. 1c, with no
gradient-based tuning or task-specific training.
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3.1 Problem Setting

We consider a N-way few-shot classification task with a class set A = {1,..., N}. The labeled support
set is Dgyp = { (%", y,s«up)}fisf”, with y3"? € \V, and we evaluate on an unlabeled test set Dyeg = {xit} s,
We use a frozen CLIP image encoder ¢ : X — RP and text encoder ¥ : N' — R”. For an image x and class

c € N, we define:
z=9(x),  we=vy(c) eRP, 1)

where w, is obtained from a fixed prompt template, as in standard CLIP zero-shot classification [1]. On the
support set we compute empirical per-class means Z, diagonal variances s2, and counts .. We also compute
pooled background statistics (ppg, Vbg) across all support samples, with total count #pg = Niyp. For one-shot
classes (1, < 1), we tie the class variance to the background variance for numerical stability.

3.2 Background Whitening

Whitening is a technique in signal and image processing, used to transform correlated background
or clutter into approximately white noise so as to enhance target detectability in challenging environments
such as in SAR speckle whitening [25]. Related ideas appear in deep networks through switchable whitening
and normalization layers, which decorrelate features and improve optimization stability across tasks [26].
In LiRA-CLIP we adopt a lightweight variant at the representation level. We standardize all features using
the pooled support statistics (fing, Vbg)- Let | /Vpg denote the element-wise square root and @ element-wise
division. For any feature vector z € R” define as:

zZ= (Z—[/lbg)Q\/V_bg. (2)

Eq. (2) performs pooled-statistics, per-dimension standardization using pyg and vpg computed from
the support set, Section 3.1. Since our generative head models z with diagonal likelihood and uses
closed-form text-conditioned NIG updates, Section 3.3, this standardization controls coordinate-wise scale
when computing Student-t posterior predictives and the resulting posterior-predictive log-likelihood
ratios, Eqs. (6)-(11). As with any pooled-statistic standardization, ( Pbgs vbg) may be higher-variance when
the support set is extremely small or class frequencies are highly imbalanced. LiRA-CLIP incorporates
stability safeguards already in the method: for one-shot classes we tie the class variance to the back-
ground variance, Section 3.1. We applied a variance floor ¢ >0 in the per-sample standardization of
LLRs, Eq. (11). And we enforced a minimum predictive degrees-of-freedom in the Student-¢ posterior
predictive, Section 3.3. These choices are designed to mitigate degeneracy of likelihood-ratio scores and keep
the posterior-predictive stream well-conditioned in the extreme low-shot setting. Empirically, LIRA-CLIP
exhibits non-degenerate behavior in the low-shot regime across benchmarks, as reflected by improved ECE,
AECE and selective coverage, Section 4.

To express the text-conditioned generative model in the same background-whitened coordinates
as z. We also whiten the CLIP text embedding using the pooled support background statistics
( Hbg> vbg), Section 3.1. For each class ¢, we define the whitened text anchor as:

We = (We — tg) @ \/Vbg € RP. 3)

We have used w,. only in the posterior-predictive (generative) stream, while the standard CLIP
discriminative stream remains defined on the original features z and text embeddings w,, Section 3.6.
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3.3 Text Conditioned Diagonal NIG Class Priors

The Normal Inverse Gamma (NIG) prior is a standard conjugate prior for the mean and variance of
a normal likelihood and underpins a wide range of Bayesian regression and hierarchical models [27,28].
Integrating out the latent mean and variance yields Student-t posterior-predictive distributions. Where it
naturally accommodate heavy tails and provide robustness to outliers and model misspecification [29]. In
our method LiRA-CLIP, we model the class-conditional distribution of whitened image features z | y = ¢ as
a diagonal Gaussian and place a NIG prior on its parameters (y, 02). The prior is text-conditioned, its mean
is anchored in the whitened text embedding w,, Eq. (3), and therefore, it is defined in the same coordinate
system as the likelihood for z. In the whitened space, we employ an independent NIG prior to each class-
dimension pair (¢, d) as:

0%, ~ Inv — Gamma(ag, Bo),  fhed | 024 ~ N(Mo,cd, de/Ko), (4)

with positive hyperparameters (o, ag, o) shared across classes and dimensions. Our key design choice is
to set the class prior mean to this whitened text anchor as follows:

Ho,c = W € RP, W, defined in Eq. (3). (5)

Using the same class embedding that defines CLIP’s frozen zero-shot linear head, Eq. (12). Since CLIP
defines the image feature z = ¢(x) and text embedding of class w, = y(c) in the same D-dimensional
representation space, Eq. (1) and compares them directly via dot products, applying the same background-
whitening reparameterization to both, Eq. (2). IT simply, expresses this class anchor in the coordinate
system of the generative likelihood for z. Where it also is consistent with our pooled background predictive
construction, whose mean is defined as a whitened function of the text embeddings, Fq. (8).

3.4 Student-t Posterior Predictive and Log-Likelihood Ratios

Log-likelihood ratios are central to statistical decision theory, hypothesis testing, and modern
likelihood-based machine learning [30,31]. LiRA-CLIP leverages this principle in a posterior-predictive set-
ting. For each class, we form the log-ratio between its Student-¢ predictive density and a pooled background
predictive in the background-whitened CLIP feature space and then apply per-sample standardization
across classes. Resulting in Student-t posterior-predictive log-likelihood ratios (t-PLLRs), defining a single
stream of generative evidence, which we later fused with CLIP logits by our reliability-driven calibration
mechanism, Section 3.9. For a whitened feature Z € R, the class-c posterior predictive density factorizes
across dimensions define as:

D
p(2|C)ZHtvc(2d|mcda5§d)) (6)
d=1

where t,(- | y, 52) denotes the univariate Student-t distribution with degrees of freedom v, location y, and
scale s. The predictive variance in dimension d has the usual NIG form:

Ke+1
g2, o Ped KeFL (7)
e Ke

We denote the resulting generative log-likelihood by ¢.(z) =log p(z | ¢).



8 Comput Mater Contin. 2026;88(1):10

3.5 Background Predictive Model

We construct a background Student-¢ predictive in the same whitened space using the global statistics
(Hbgs Vbgs Mbg) and the text embeddings, defined as follows:

0 [ T we — pivg
bog =| ——— | ®)
\ /ng

corresponding to the whitened mean of the class text embeddings, and take a unit background variance

vlgtg) = 1. Using ny,, we obtain a diagonal Student- posterior predictive from:

D
poe(®) = ITtw, (2 | g sh00). ©)
=1

with degrees of freedom vy and scale parameters sﬁg, ;4 defined analogously to the class case. We denote the
background log-likelihood by £y (Z) = log pue(2). For each class ¢, we form the log-likelihood ratio (LLR) as:

re(2) = £c(2) = log(2). (10)

To stabilize the scale of generative scores across images, we apply per-sample z-scoring across classes.
Let r(Z) = (r.(2))%, and denote its empirical mean and variance across classes by #(Z) and v,(Z), with a
small variance floor € > 0. We get the standardized generative score via:

(5 =B FE e ()

O

These standardized posterior-predictive LLRs constitute the generative stream used by the adapter.

3.6 CLIP Discriminative Stream

The CLIP zero-shot classifier provides the discriminative stream via a linear head whose weights are
given by the text embeddings w, [1,4,10]. For a feature vector z, we define the CLIP logits as:

li
S(C? P(z) = ﬂclip <Z> WC)a ceC, (12)
where B, > 0 is the standard CLIP logit-scale (temperature) parameter [1]. These logits are converted to

probabilities via a softmax, pP(y = ¢ | z) o< exp(si’lip (2)).

3.7 Margin Based Confidence Gate

To modulate the contribution of the generative stream, we construct a scalar confidence gate from the
CLIP logits. Let s(;y (z) and s2)(z) denote the largest and second-largest components of s"P(z), and define
the top-2 margin as follows:

m(z) = sq)(2) = s(2)(2). (13)

The margin is large and positive when CLIP is confident and small when it is ambiguous.

We map this margin to a raw gate via a squashing nonlinearity:

g(z) = O'(kgate(to - tanh m(z))), (14)
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where kgt > 0 and t, are hyperparameters and o (-) is the logistic sigmoid. This parametrization yields gates
close to one when CLIP is uncertain (small margin) and close to zero when CLIP is highly confident (large
margin). We then normalize and recenter ¢(z) using statistics from the defined set, optionally apply a power
transform, and clamp the result to a fixed interval [ gmin, gmax |, Obtaining the final gate g(z) € [gmin> gmax |-
The gate is thus a deterministic function of the CLIP logits and introduces no additional learned parameters
beyond those calibrated in the fusion stage.

3.8 Two-Stream Fusion

For each sample, LiRA-CLIP fuses the CLIP discriminative stream with the standardized generative
LLR stream. Let s¢'?(z) denote the CLIP logits and 7. (z) the standardized t-PLLR scores. Fusion parameters
collected into a single vector as follows:

6 = (yclipy )’llr» (x)) (15)

where yjip > 0and yyir > 0 are per-stream temperatures and « > 0 controls the gated generative contribution.
To calculate the fused logits, we used:

uc(2,20) = paip sihp(z) +a g(2) yur 7 (2), ceC, (16)
and then we calculate class probabilities with:

exp(uc(z, 2;0))
Yeee exp(ucx(z, Z; 9))

po(y=clz2) = (17)

When a = 0, Eqgs. (16) and (17) reduce to temperature-scaled CLIP, setting additionally yj;, = 1recovers
the original CLIP predictions. For « > 0, the generative t-PLLR stream is adaptively up or down-weighted
by the gate g(z) depending on CLIP confidence. Once background whitening, priors, and the gate form are
fixed, the entire adapter is parameterized only by 0: the CLIP stream, t-PLLR stream, and gate influence
decisions entirely via the fused logits u(z, Z; 0) and probabilities pyg.

3.9 Reliability-Driven Global Calibration

We define LiRA-CLIP as the solution of a single reliability-driven calibration problem over 6, rather than
tuning the gate and per-stream temperatures independently. Treated it as a unified probabilistic mechanism
and choose a single global vector 0* = (y:hp, Vi @) by solving a constrained optimization problem on
a small pool of auxiliary few-shot classification tasks whose label sets are disjoint from those used in our
main evaluation.

Auxiliary Calibration Pool Composition

We built the auxiliary pool from five datasets that span different visual domains to reduce the risk
of overfitting to specific task characteristics. These domains include Caltechl01 (generic objects), DTD
(textures), FGVC-Aircraft (fine-grained), OxfordPets (fine-grained), and UCF101 (actions). We performed
a fixed, class-disjoint split into calibration classes and evaluation classes (80/20) for each dataset. Sampling
auxiliary few-shot tasks exclusively from the calibration classes. 8 is selected using only the auxiliary
calibration pool, no evaluation classes, benchmark datasets, or test episodes are used to choose 6*. We
excluded EuroSAT from the calibration pool because it contains only 10 classes, which makes class-disjoint
calibration splits statistically small and unstable. EuroSAT is therefore used as an out-of-calibration transfer
benchmark, evaluated using the same frozen 6* without any dataset-specific tuning. Each auxiliary task
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follows the same few-shot protocol as in Section 4. for a chosen shot K € {1,2,4,8,16,32}, we sample K
labeled support examples per class from the training split and form a labeled development/query set by
sampling Q = 16 additional examples per class from the remaining training data (capped by availability).
Generated a total of T' = 120 auxiliary tasks, balanced across datasets and shot regimes (4 random episodes
per dataset-shot pair). On this auxiliary pool, we minimized the mean negative log-likelihood by:

1 Nev

Mo 2 108ps (1) 18)

ENLL(G) ==

where Ngey is the total number of development or query examples across all auxiliary tasks.

Formally, we select 6" via:

0" € arg n911gn LniL(6), (19)

A(B)ZAguard

where G is a fixed grid. Where Agy,.q specifies an accuracy slack on the auxiliary pool (i.e., we require A(0) >
Amax — Aguard), protecting accuracy while selecting 6* by NLL. The resulting 6* is reused unchanged for all
tasks, datasets, backbones, and shot regimes, with no test-time tuning. At deployment, LiRA-CLIP remains
tully training-free: for each new few-shot task it performs only closed-form posterior-predictive updates and
evaluates Eqs. (16) and (17). Although Eq. (19) is a constrained optimization problem, we solve it by grid
search because the fusion vector 6 = (yciip, yir» @) has only three scalar degrees of freedom. A fixed grid
G yields a deterministic and stable selection of 6* and avoids introducing any gradient-based optimization
into the calibration stage, which aligns with our deployment setting. At test time, the adapter remains fully
training-free: for each new few-shot task it performs only closed-form posterior-predictive updates in the
Student-t head and evaluates Eqs. (16) and (17) with the frozen 6, with no per-task tuning.

3.10 Test-Time Prediction with Frozen Fusion Parameters

Algorithm 1 describes how LiRA-CLIP adapts itself to a new few-shot task exclusively by means of
closed-form computations and a globally calibrated, frozen fusion rule. Given the cached streams and the
gate, the final phase applies the globally calibrated fusion parameters 6* to each test. For each x'**' € Dy,
the algorithm forms fused logits

Ue = Phip SEP(2Y) + o g(2) pi, e (2), (20)

and then, converts these fused logits by a softmax into class probabilities pg-(y = ¢ | x'**"); we evaluate pg
in Eq. (17) at 6 = 6* and at the features (2", z'**) derived from x'*!, with:

eXp(uC(ZteSt, 2test; 9*))
ZC'EC eXp(uC,(zteSt’ Ztest, Q*)) >

po-(y=c| x'e) = (21)

where the vector 6* is not updated on the new task, adaptation is completely training-free and reduces
to closed-form posterior-predictive updates in the Student-t head together with evaluation of this frozen
fusion rule.
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Algorithm 1: LiRA-CLIP: training-free two-stream t-predictive adapter for a new few-shot task

Input: support set Dyyp, test set Dieqi; frozen CLIP encoders ¢, y; fixed hyperparameters; globally calibrated
fusion parameters 6” = (g, Vfi» ™).
Output: py-(y | x) for all x € Dyeg.
1: Feature extraction
2: for each image x in Dyyp U Dyesr do
3:  Compute CLIP image feature z = ¢(x).
4: end for
5: for each class c € A/ do
6:  Compute CLIP text embedding w. = y(c) Eq. (1).
7: end for
8: Support statistics and whitening
9: From Dy, compute per-class statistics (Z, s, ) and pooled background statistics (g, Vbg» bg)-
10: Whiten support and test features to obtain z Eq. (2).
11: Text-conditioned NIG priors and ¢-predictives
12: For each class ¢, form text-conditioned NIG priors anchored at w. Eq. (4) with po . = w,).
13: Calculate p(Z | ¢) and pyg(2) Eqs. (6)-(9).
14: Fixed streams and gate (no tuning at task time)
15: for each image x in Dyyp U Dyesr do
16:  Compute generative log-likelihoods £.(Z) = log p(Z | ¢) and fpg(2); form LLRs r.(Z) = £.(Z)
—lpg () Eq. (10),

W

17:  Standardize across classes to obtain #.(Z) Eq. (11) > generative t-PLLR stream.
18:  Compute CLIP logits s (2) Eq. (12) > discriminative stream.
19: Compute margin m(z) and confidence gate g(z) Eqs. (13), (14).

20: end for

21: Test-time prediction with frozen fusion parameters

22: for each x'' € Dyoq do

23:  Using cached #(2'"), sMP(2'*") and g(z'**!), form fused logits Fq. (20)
24:  and convert them to class probabilities pg«(y = ¢ | x'*") Eq. (21).

25: end for

4 Experiments

4.1 Experimental Setting
4.1.1 Datasets and Protocol

In line with earlier work on CLIP adapters [6,7,10,17], we evaluate on six established vision benchmarks:
Oxford Pets [32], Caltech101 [33], FGVC-Aircraft [34], DTD [35], EuroSAT [36], and UCF101 [37]. Taken
together, these datasets cover generic object recognition, fine-granular categories, textures, and remote
sensing. We adopt the strict few-shot adaptation protocol from [3,6,17], for each task and each class we draw
uniformly K labeled support examples from the training split, with K € 1,2, 4, 8,16, 32, and use the official
test partition for evaluation. All reported LiRA-CLIP results are averaged over three random seeds. Unless
stated otherwise, we use a single set of hyperparameters and a globally calibrated fusion vector 8 that is
fixed for all tasks; at test time, there is no task-specific tuning or additional supervision.
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4.1.2 Baselines

We compare LiRA-CLIP with eight recent CLIP adapters: Linear Probing (LP) [1], TIP-Adapter and TIP-
Adapter-f [10], TaskRes [6], CrossModal [38], BayesAdapter [17], LP++ [18], and CLAP [3]. It is noteworthy
that all baseline results reported in this work are taken from [17].

4.1.3 Implementation Details

We compute CLIP features with two common visual encoders, ResNet-50 [39] and ViT-B/16 [40],
unless indicated otherwise, ablation studies are carried out on ResNet-50. During feature extraction we apply
random zoom, crop, and horizontal flip augmentations, following [3,6,17], and we reuse the same text prompt
templates. For the fine-tuning ablation LiRA-CLIP-F, in which only the fusion parameters are updated while
CLIP and the generative head remain frozen, we adopt the training configuration from [17]: 300 epochs,
batch size 256, as well as SGD with momentum 0.9 and a learning rate of 0.1. All experiments for LiRA-CLIP
and LiRA-CLIP-F are averaged over three random seeds. We reported the mean performance in the main
text, while standard errors and dataset-specific results are provided in the appendices.

4.2 Analysis of the Experimental Results
4.2.1 Calibration

We first investigate how well confidence values reflect actual correctness. In accordance with common
practice, we report the Expected Calibration Error (ECE) [17,41] as well as its adaptive variant AECE,
which reduces the bias that arises when standard ECE is influenced by bins with insufficient or zero sample
size [17,42]. ECE partitions the predictions into B confidence bins and averages the absolute difference
between empirical accuracy and mean confidence in each bin; we use B = 10. AECE keeps the same
definition but chooses the bin boundaries such that each bin contains approximately the same number of
samples, thereby reducing artefacts due to sparsely populated regions of the confidence range.

4.2.2 Overall Accuracy and Calibration

We have reported means over six datasets and six shot regimes (K € 1, 2, 4, 8,16, 32), using three random
seeds per setting on two backbones. The results are shown in Table 1. On ResNet-50, LiRA-CLIP attains the
highest average top-1 accuracy (68.44%), remaining essentially on a par with the strongest previous adapters
such as CrossModal, CLAP, and BayesAdapter (67.85%-68.26%). At the same time, LiRA-CLIP exhibits
a clearly recognizable gain in probabilistic reliability, its ECE and AECE (2.49% and 2.45%, respectively)
correspond to a reduction of about 40%-45% compared to the best-calibrated baseline (BayesAdapter, 4.32%
and 4.24%), whereas strongly accuracy-oriented methods such as LP++, CLAP, and Tip-Adapter-f show
markedly higher calibration errors. For ViT-B/16, LiRA-CLIP remains competitive in accuracy (74.36%),
with a performance that is statistically not distinguishable from the strongest baselines (CrossModal, CLAP,
TaskRes; 74.16%-74.42% with overlapping standard deviations). In this setting as well, LIRA-CLIP attains the
best calibration, reducing ECE from 3.46%-4.19% (CrossModal, BayesAdapter) to 2.28% and AECE from
3.38%-4.14% to0 2.36%. Across both architectures, LiRA-CLIP thus offers a fully training-free adaptation with
state-of-the-art calibration and competitive top-1 accuracy and consistently delivers more reliable probability
estimates than all considered CLIP-adapter baselines. For more detailed results, see Appendix A1, Table Al,
and Appendix A.2, Table A2, and Appendix A.3, Table A3.
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Table 1: Calibration and discrimination comparison across two backbones.

13

Method ResNet50 ViT-16
Accuracy (%) ECE AECE Accuracy (%) ECE AECE

LP [1] 54136 £ 1.311  25.621 +1.330 25.614 +1.326  61.852 +1.047 22.014 +1.272 22.001 +1.273
TipA [10] 60.405 + 0.364 8.068 +£0.393 8.005 + 0.398 62.009 + 0.943 33.646 + 0.993 33.624 + 0.989
TipA-f [10] 65.754 + 0.490 6.296 + 0.438 6.206 + 0.445 63.956 + 0.985 31512 +1.019 31.493 +1.014
CrossModal [38] 68.046 + 0.576 4.383 + 0.463 4.367 + 0.468 74.421 + 0.417 3.459 + 0.382  3.376 + 0.397
TaskRes [6] 67854 + 0.521 5.676 + 0.484 5.691 + 0.484 74.238 +0.446 4.211+0.420  4.190 + 0.439
LP++ [18] 67306 + 0.647 11.378 £1.748 11.397 +1.733 74164 + 0.494 5951 + 1.523 5.959 + 1.514
CLAP [3] 68.262 + 0.469 7169 +£ 0.460 7146 + 0.454 74.379 +0.428 5.711 +0.403  5.675 + 0.392
BayesAdapter [17] 67.937 + 0.544 4.323 + 0.436 4.236 + 0.438 73.992 + 0.509 4.185+0.490 4.144 + 0.497
LiRA-CLIP(ours) 68.441+ 0514 2.492+0.379 2.448 + 0.394 74361+ 0.616 2.284 +0.284 2.359 + 0.299

Note: Best result is bold; Second best underlined; Higher is better for Accuracy; Lower is better for ECE and AECE.

4.2.3 Selective Classification at High Confidence

We evaluate selective classification under high-confidence conditions, a central requirement in safety-
critical deployment scenarios [17,43]. Given a confidence threshold 7, the classifier only predicts for those
points whose maximum class probability exceeds 7, and abstains on all others. Following [17,44,45], we
call a method reliable at level X% if its accuracy on the selected subset is at least X%. Under this side
constraint, the objective is to maximize coverage, that is, the fraction of test examples for which the system
issues a prediction. Table 2 reports overall reliable coverage at reliability levels of 95% and 99% on the
test set, where LiRA-CLIP attains the highest coverage consistently on both backbones. On ResNet-50, it
improves 99% reliable coverage from 10.8% to 17.6% and 95% reliable coverage from 22.2% to 28.3% relative to
BayesAdapter, the strongest previous uncertainty baseline. On ViT-B/16, LiRA-CLIP increases 95% and 99%
reliable coverage from 31.1% and 16.6% to 36.0% and 21.9%, respectively. These aggregated results support our
central claim that LIRA-CLIP provides a reliability-focused, training-free adaptation with superior coverage
at high confidence levels.

Table 2: Average reliable coverage (Sel@95 and Sel@99, %), computed over six few-shot benchmarks with K €1,2, 4
and three random seeds. For more details results see Appendix A.4, Table A4.

Method ResNet-50 ViT-B/16
Sel@99 Sel@95 Sel@95 Sel@99

CrossModal [38] 8.85+ 0.50 20.07 £ 0.52 30.53 + 0.65 14.13 + 0.53
TaskRes [6] 7.63 +£0.41 18.46 + 0.48 27.40 + 0.60 12.73 £ 0.53
LP++ [18] 0.22 +0.10 2.27 £ 0.59 14.87 + 2.19 2.90+0.70
CLAP [3] 8.04 +0.37 18.75 + 0.36 27.77 £ 0.62 12.65 + 0.46
BayesAdapter [17] 10.83 + 0.51 22.23+0.44 31.12+ 0.74 16.61 + 0.79
LiRA-CLIP (ours) 17.63 £ 0.23 28.25+0.70 36.04 £ 0.92 21.89 £ 0.75

4.3 Per-Dataset Selective Classification

In the low-shot regime (K € 1,2, 4), LIRA-CLIP systematically enlarges the set of test points for which
high-confidence, accuracy-controlled decisions can be made. For instance, at a target accuracy of 95% and
99% on Caltechl01, it increases coverage on ResNet-50 from about 59%-70% (BayesAdapter) to 65%-72%
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and on ViT-B/16 from 69%-77% to 78%-83%; on OxfordPets, LiRA-CLIP roughly doubles reliable coverage
compared to the strongest baselines. By contrast, many prompt- and cache-based adapters either fail to satisty
the 95%-99% accuracy side constraints (which leads to X) or attain only marginal coverage in the extremely
low-shot regime, whereas LiRA-CLIP remains calibrated and non-degenerate across datasets. As the number
of shots increases (K > 8), LIRA-CLIP continues to perform strongly, but parameter-based methods such as
BayesAdapter and CrossModal can match or slightly surpass its high-confidence coverage on some texture
and remote-sensing tasks (DescribableTextures, EuroSAT). This pattern is consistent with our design of a
training-free adapter that deliberately trades a small amount of high-shot coverage in favor of conservative,
well-calibrated selective decisions in the low-data regimes where training-based uncertainty estimates are
particularly fragile. To illustrate this behavior, Fig. 2 shows 99%-reliable coverage as a function of the number
of shots (K € 1,2, 4) for the strongest competing baselines and LiRA-CLIP on six representative benchmarks
with the ResNet-50 backbone. Across all datasets, the LiRA-CLIP curves in the low-shot regime lie on or
above those of the baselines and translate a strict 99% reliability target into a substantial increase in coverage,
while the method remains fully training-free. Full numerical results are given in Appendix A.4, Table A4.
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Figure 2: 99%-reliable coverage (%) on ResNet-50 across low-shot regimes (K € {1,2,4}), broken down per dataset.
Each curve shows how many test examples a method can classify while satisfying a 99% accuracy constraint.

4.4 Ablation Study

Our main method, LiRA-CLIP, is completely training-free. To assess whether the same posterior-
predictive fusion architecture remains effective also under limited supervised fine-tuning, we additionally
consider LiRA-CLIP-E which fine-tunes exclusively the three scalar fusion parameters by gradient descent,
while all CLIP and generative-model parameters remain frozen. Table 3 reports ablation results on EuroSAT.
The training-free LiRA-CLIP already attains accuracy comparable to or slightly higher than recent adapters
(64.9% vs. 64.7% for TaskRes and 64.6% for BayesAdapter) and at the same time reduces ECE from 4.8-10.6
to 2.9. The permitted mild fine-tuning of the fusion parameters (LiRA-CLIP-F) further increases accuracy
to 69.1%, while maintaining competitive calibration, ECE 4.5%. This suggests that posterior-predictive
likelihood-ratio fusion remains effective even when it is deployed as a small trainable adapter. In the extreme
low-shot regime (1-2 shots), however, the labeled support set provides only very limited information to



Comput Mater Contin. 2026;88(1):10 15

reliably re-estimate even a small number of fusion parameters. In this setting, task-specific fine-tuning of
(Yelips Y1ir> «) tends to improve accuracy, but at the price of overconfident, less stable probability estimates,
whereas the fully training-free variant preserves the once-on-auxiliary-tasks calibrated, cross-task posterior-
predictive structure. In line with this bias-variance intuition, our per-shot ablations (1, 2, 4 shots on EuroSAT)
show that LiRA-CLIP-F indeed achieves higher accuracy, but systematically worse calibration and high-
confidence coverage than LiRA-CLIP, which underscores that the fully training-free, posterior-predictive
formulation is particularly advantageous for reliability under extreme data scarcity. For full numerical results
see Appendix B.1, Table A5.

Table 3: Fine-tuning ablation on EuroSAT with a ResNet-50 backbone. Results are averaged over K € {1,2,4} shots
and three random seeds.

Method Accuracy ECE AECE

TipA [10] 49.167 + 0.953 10.057 £ 0.957 9.983 £ 0.967
TipA-f [10] 59.203 £ 1.087 16.410 +£1.187 16.287 +1.267
CrossModal [38] 64.167 +1.913 7.623 £ 1.410 7.617 +£1.380
TaskRes [6] 64.663 +1.737 4.790 +1.740 4.863 +£1.647
LP++ [18] 59.433 £1.670 23.550 + 3.267 23.507 + 3.277
CLAP [3] 66.030 + 1.467 9.640 +£1.213 9.573 +1.240
BayesAdapter [17] 64.627 +£1.833 10.550 £1.590 10.530 £ 1.597
LiRA-CLIP (ours) 64.890 + 2.713 2.927 +0.913 3.093 £ 0.990
LiRA-CLIP-F (ours) 69.133 +1.537 4.487 + 0.890 3.423 +£1.107

Note: Best result is bold; Higher is better for Accuracy; Lower is better for ECE and AECE.

Another ablation we conduct to assess the sensitivity of LIRA-CLIP to the normal-inverse-gamma
prior hyperparameters (o, &, o). Table 4 illustrates the sensitivity of LIRA-CLIP, where sweeping the NIG
hyperparameters has only a minor effect on accuracy and reliability, confirming that performance is driven
by the structure of the posterior-predictive model rather than fine-tuning of prior scales. We report top-1
accuracy (Accuracy %), ECE (%), AECE (%) and 99% reliable selective coverage (Sel@99%).

Table 4: Sensitivity of LiIRA-CLIP to the NIG hyperparameters on Caltechl01 (I-shot averaged on three random seeds.)
on ResNet50.

(k0> @0> Po) Accuracy ECE AECE Sel@99
(0.05, 0.5, 0.05)* 88.56 + 0.04 1.63 £0.76 1.61+ 0.50 51.09 £1.52
(0.04, 0.4, 0.04) 88.56 £ 0.04 1.93+0.73 1.84 + 0.42 50.90 £1.52
(0.03, 0.3, 0.03) 88.54 + 0.06 2.36 £0.34 1.92 +0.46 51.39 £ 0.96
(0.02,0.2,0.02) 88.54 + 0.02 2.35+0.40 1.88 £ 0.52 51.14 +£ 0.94

(0.01, 0.1, 0.01) 88.52 £ 0.00 2.26 £0.24 1.84 + 0.52 50.97 £ 0.94

Note: *Indicate to the default settings used in our experiment.

4.4.1 Computational Complexity and Runtime

To calculate Computational complexity let N be the number of classes (ways), K the number of shots per
class, D dimension the CLIP feature, and Ni.s; the number of test images in an episode. LiRA-CLI training-
free at task time, conditioned on frozen CLIP features. It computes only closed-form sufficient statistics
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and t-predictive parameters and excluding CLIP feature extraction, the one-off episode setup processes NK
support features in a single pass and costs O(NKD) time where it stores class-wise parameters with O(ND)
memory and O(NKD) only when explicitly caching all support features). At inference, each test image
evaluates N class-wise diagonal ¢-predictive scores and fuses them with CLIP logits, which are O(ND) time
per image and fully vectorized (no backpropagation).

4.4.2 Paired Non-Parametric Significance Analysis

The main objectives of LiRA-CLIP is to improve probabilistic reliability under extreme low-shot and
deployment constraints while preserving few-shot accuracy. We evaluated its statistical stability at the level
of dataset x shot operating points. Specifically, we treated each dataset and shot regime as one paired
observation and applied paired Wilcoxon signed-rank and sign tests, complemented by a paired permutation
(sign-flip) test on the mean improvement. Following standard multi-dataset comparison practice [46],
we controlled family-wise error with Holm correction. We conducted the Paired non-parametric test on
ResNet50. LiRA-CLIP maintains accuracy parity with the strongest baseline adapters; however, per-setting
accuracy differences are small pyo1m = 0.194. In contrast, the reliability gains are large and consistent across
settings. LIRA-CLIP significantly improved calibration and selective decision-making. ECE improved in
25/36 dataset x shot settings, prolm is 1.9 x 1073 and selective coverage improved in 17/18 settings for both
Selective coverage sel@95% and Sel@99%, prolm is 5.0 x 107% and 5.7 x 1074, respectively. Further details
reported in Appendix C.1, Table A6.

4.4.3 Implementation and Measured Cost

LiRA-CLIP performs no task-time optimization (training time is 0). Thus we reported in Table 5 its test-
time inference cost as average latency per image (ms/img) includes adapter-only cost, which excludes CLIP
image encoding and captures only the closed-form scoring and fusion stage. We also reported end-to-end
latency, includes CLIP encoding plus evaluation stage. BayesAdapter reported the average adaptation time
averaged over three independent seeds (in seconds). All LiRA-CLIP experiments were run on NVIDIA Tesla
T4 GPU (16 GB VRAM), PyTorch 2.9.0, CUDA 12.6, and cuDNN 9.1.

Table 5: Adaptation cost vs. inference cost on Caltech101 (ResNet50). LiRA-CLIP performs no task-time optimization
and therefore we reported test-time inference latency normalized per image (ms/img) including adapter-only overhead
and end-to-end latency (CLIP encoding & evaluation). LiRA-CLIP reported values are averaged over three independent
random seeds.

Shots Adaptation/Training Time (s) LiRA-CLIP Inference Latency (ms/img)
K BayesAdapter [17] LiRA-CLIP* Adapter-Only End-to-End
1 6.47 + 0.74 0.900 + 0.078 6.865 + 0.086
2 734 +0.72 0.896 + 0.044 6.846 + 0.041
4 8.04 £ 0.79 0 0.884 + 0.050 6.912 + 0.040
8 14.93 + 1.53 0.731 + 0.016 6.729 + 0.071
16 26.62 + 2.68 0.767 + 0.032 7.305 £ 0.615
32 42.40 + 4.39 1.206 + 0.214 7.392 + 0.097

Note: *LiRA-CLIP performs no task-time optimization so the training time is 0 s for all shots K.
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4.4.4 LiRA-CLIP Seed-Sensitivity Analysis

We verified the sensitivity of LIRA-CLIP results to the choice of a three-seed protocol by conducting a
robustness check on Caltechl01 (ResNet50) using five random seeds. The five-seed estimates (mean + SE)
align closely with LiRA-CLIP original findings, showing negligible deviations with a maximum of 0.30 pp
in accuracy, 0.14-0.18 in calibration (ECE/AECE), and under 0.90 pp in selective coverage. These results
confirm the stability of LiRA-CLIP core trends, details in Table 6.

Table 6: LiRA-CLIP Seed-sensitivity check on Caltech101 and ResNet50.

Accuracy and Calibration Selective Coverage

Accs Accs ECE3 ECEs AECE; AECE;s Sel@95; Sel@95;5 Sel@99; Sel@995

88.56 +0.04 88.86+018 193+0.76 199+031 161+050 179+021 6545+170 66.22+111 5109152 51.42+0.98
89.67 £0.30 89.76 £0.23 1.75+023 174+016 158+0.35 160+0.25 70.05+0.63 70.44+0.45 54.94+0.66 5529+ 045
90.53 £ 0.08 90.55+0.04 143+012 146+0.07 142+013 142+0.09 7216+018 7252+017 5744 +0.15 58.33+0.38
91.08 £0.16 9115+0.11 0.96+0.08 1.09+0.08 1.04+0.04 113+0.06 73.06+0.49 73.08+044 60.42+0.65 60.71+0.64
92.01+0.04 91.89+0.12 0.75+0.23 0.89+013 0.82+0.16 0.92+0.13 7436+032 73.80+0.46 62.39+038 61.87+0.43
9209012 9222+010 108+0.15 096+010 1LI1+£031 093+018 7527+040 75.03+027 63.83+0.72 63.45+0.50

SRR

4.4.5 Sensitivity to the Accuracy Guard

The reliability-driven calibration in Eq. (19) includes an accuracy-guard constraint A(60) > Agyara to
protect discriminative performance while optimizing NLL. To assess how sensitive the resulting global fusion
parameters are to this choice, we vary Agyarq € {0.005,0.01,0.02} on a representative calibration setting
(Caltech101, 1-shot, ResNet-50; three random seeds) and report the resulting top-1 accuracy, calibration
errors (ECE and AECE), and reliable selective coverage at 95% and 99% target accuracy. Table 7 summarizes
the results.

Table 7: Sensitivity of LiRA-CLIP to the accuracy-guard parameter Agy,rq in Eq. (19) on Caltechl01 (1-shot, ResNet-
50; averaged over three random seeds). We report top-1 accuracy (Acc.), calibration errors (ECE/AECE), and reliable
selective coverage at 95% and 99% target accuracy (Cov@95/Cov@99).

Aguard Shots Acc. (%) ECE (%) AECE (%) Cov@95 (%) Cov@99 (%)
0.005 1 88.56 + 0.04 1.93 +£0.76 1.73 £ 0.50 65.45+1.70 51.09 +£1.52
0.010 1 88.56 £ 0.04 1.93 £ 0.76 1.73 £ 0.50 65.45+1.70 51.09 +1.52
0.020 1 88.88 £ 0.37 2.32+£0.36 2.04 £ 0.19 65.45 +1.70 51.09 +1.52

5 Conclusion

LiRA-CLIP, a training-free text-conditioned, posterior-predictive likelihood-ratio adapter for few-shot
CLIP classification. We introduced it in this article to improve probabilistic reliability in the extremely
low-shot regime. LiRA-CLIP operations take place in a background-whitened CLIP feature space, and
placing diagonal Normal Inverse Gamma priors over both the class-conditional distributions and a pooled
background; leading to a Student-t posterior-predictive likelihood-ratio stream (t-PLLR) capturing heavy
distributional outliers and data scarcity. We build a two-stream fusion mechanism to combine the gen-
erative t-PLLR scores with zero-shot CLIP logits; using a lightweight global calibration layer without
gradient based task specific tuning or accessing to the CLIP weights. For a new few-shot task, LiRA-
CLIP performs training-free adaptation via closed-form posterior-predictive updates and evaluation of a
frozen fusion rule. Experimental results on six standard benchmarks confirm the robust adaptability and
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reliability of LiRA-CLIP; notably, ablation studies validate these reliability gains stem from the proposed
posterior-predictive likelihood-ratio architecture rather than from brittle hyperparameter tuning. Estab-
lishing LiRA-CLIP as a simple efficient route to training-free, reliably calibrated few-shot CLIP adaptation.
LiRA-CLIP by design trades a small amount of high-shot accuracy for substantially improved low-shot
reliability, making it preferable to choose when labels are scarce and complementary to fully fine-tune
adapters in data-rich regimes. For future work, we will explore lightweight task-aware refinements and richer
generative components to narrow the remaining high-shot gap, at the same time preserving the method’s
training-free.
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Appendix A Detailed Numerical Values for the Reported Metrics in Manuscript

Appendix A.1 Per-Dataset AECE (%, Lower Is Better) on ResNet50. Results Are Reported over Three
Random Seeds

Table Al: Per-dataset AECE (%, lower is better) on ResNet50. Results are reported over three random seeds.

No.shots Method Caltech101 DescribTextures FGVCAircraft OxfordPets UCF101 EuroSAT
LP [1] 30.70 £ 1.50 56.37 £ 0.76 59.82 +1.13 51.32 £ 1.26 48.99 +2.24 43.73 +1.33

TipA [10] 2.10 £ 0.24 4.59 £ 0.25 411+ 0.14 5.58 £0.18 2.19+0.43 6.42 +0.27

TipA—f [10] 2.55+0.18 5.35+0.24 3.56 + 0.37 6.65 + 0.50 3.34+0.51 15.84 + 0.98
CrossModal [38] 2.31+0.30 5.52+0.37 9.32+0.19 2.42 +0.53 3.31+0.65 11.54 + 2.78

1 TaskRes [6] 3.37 £ 0.27 3.87 £0.63 4.70 + 0.39 4.23+0.76 5.72 +0.29 5.90 +2.42
LP++ [18] 14.47 + 0.39 17.38 £ 1.55 5.33 +1.50 14.08 + 3.58 28.17 £ 1.63 17.33 +£1.95

CLAP [3] 2.36 + 0.37 4,49 +£0.74 13.03 £ 0.27 5.36 + 0.53 2.92+0.77 7.14 £1.02
BayeSAdapter [17]  1.62+0.30 8.58 +£0.35 15.06 + 0.72 1.83 +£ 0.45 1.94 £ 0.20 17.06 + 1.21
Lll?:l;l(‘::;lp 1.61 + 0.50 3.68 £ 0.24 4.07 £ 0.42 1.44 £ 0.26 2.44 + 0.06 3.77 £0.99

LP [1] 21.81 +1.72 4711 +£1.97 50.17 £ 0.96 42.25 +3.18 37.19 £ 0.32 34.36 + 4.17

TipA [10] 2.58 £+0.17 4,07 +£0.14 5.14 + 0.29 4.87 + 0.50 1.93 + 0.23 11.60 + 1.31

TipA-f [10] 2.08 +£0.11 5.98 + 0.69 3.78 £0.25 6.28 £ 0.58 3.88 £ 0.16 19.21 +£1.29
CrossModal [38] 2.99 £ 0.32 3.20 £ 0.55 5.47 £ 0.52 2.68 +0.13 5.70 £ 0.38 8.91+0.41

2 TaskRes [6] 4.33 +£0.22 5.62+1.13 2.25+0.15 4.99 + 0.05 8.06 +£0.42 3.64+0.76
LP++ [18] 20.26 + 0.47 14.94 + 6.49 4.51 +0.92 10.59 £ 3.11 17.91 + 4.56 23.43 + 4.56

CLAP [3] 3.28 £+0.28 2.43 +£0.09 9.29 +£0.79 6.10 +£ 0.36 4,29 +0.32 7.61+0.73
BayesAdapter [17] 1.58 + 0.10 5.11+1.18 10.17 + 0.50 1.63 + 0.26 2.21+0.03 11.29 + 2.07
Lllz::;rcsngP 1.58 £ 0.35 2.74 £ 0.69 2.53 +£0.08 1.45 £ 0.25 2.02+0.20 2.90 £0.75
LP [1] 13.47 £ 0.42 37.17 £ 0.89 40.10 £ 1.48 29.30 +£1.97 26.82 +£0.54 23.60 +1.96

TipA [10] 1.35+ 0.09 5.84 +0.31 7.12 +0.29 3.88 £0.11 3.38+£0.21 11.93 £ 1.32

TipA—f [10] 1.32 +£0.22 6.41 £ 0.16 5.47 + 0.37 5.00 + 0.19 1.49 £ 0.09 13.81 £ 1.53
CrossModal [38] 3.11+0.47 3.52+0.47 2.67 +£0.09 3.89 £ 0.61 6.39 +£ 0.35 2.40 + 0.95

4 TaskRes [6] 4.47 + 0.42 8.69 + 0.04 1.87 £ 0.31 5.94 + 0.25 8.50 + 0.46 5.05+1.76
LP++ [18] 16.06 + 1.02 10.29 + 4.38 6.40 £ 0.19 17.71 £ 0.50 15.10 £ 2.32 29.76 + 3.32

CLAP [3] 3.55+0.49 4,49 +£0.13 4.77 £ 0.37 6.67 £ 0.16 5.16 £ 0.25 13.97 +£1.97
BayeSAdapter [17]  1.30+0.30 3.42+0.30 10.35 £ 0.55 2.37 £ 0.66 1.69 + 0.16 3.24 +1.51
Lll?::;fglp 1.42 £ 0.13 2.82 +£0.81 2.79 £ 0.65 1.13 £ 0.39 2.51+0.52 2.61+1.23

Appendix A.2 Detailed ECE Results of LiIRA-CLIP in Comparison with Baseline Methods

Table A2: Per-dataset ECE (%, lower is better) on ResNet50. Results are reported over three random seeds.

No.shots Method Caltech101 DescribTextures FGVCAircraft OxfordPets UCF101 EuroSAT
LP [1] 30.71+1.50 56.38 £ 0.76 59.82 +1.13 51.33 +1.26 48.99 +2.24 4373 £1.33

TipA [10] 2.44 +0.15 4.42 +0.26 4.11+0.14 5.71+0.19 2.54 +£0.46 6.53 +0.27

TipA—f [10] 2.74+0.14 5.54 + 0.36 3.55+0.43 6.66 + 0.51 3.41+0.27 15.96 + 0.91

CrossModal [38] 2.22+0.33 5.16 + 0.48 9.32+0.19 2.37 £ 0.56 3.33+£0.74 11.54 + 2.78

1 TaskRes [6] 3.47 +£0.31 3.49 + 0.51 4.80 +0.40 4.44 + 0.62 5.73+£0.30 5.76 £ 2.50
LP++ [18] 14.47 + 0.39 17.37 £ 1.55 5.23+1.75 14.08 + 3.57 28.17 £ 1.64 17.42 + 1.89

CLAP [3] 2.53+£0.49 4,46 + 0.96 13.04 £ 0.27 5.33+£0.54 2.88 + 0.86 7.19 £0.97

BayesAdapter [17] 1.65+0.13 8.59 + 0.37 15.06 £ 0.72 1.86 + 0.51 2.04 £ 0.08 17.07 £1.21
LIIE:::SIIP 1.63 + 0.76 3.66 + 0.06 4.52 + 0.55 1.26 + 0.18 2.44 + 0.06 3.71+0.80

(Continued)
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Table A2 (continued)

No.shots Method Caltech101 DescribTextures FGVCAircraft  OxfordPets UCF101 EuroSAT
LP [1] 21.81 +1.72 4712 +1.97 50.17 £ 0.96 42.26 + 3.18 37.19 £ 0.32 34.36 + 4.17

TipA [10] 2.44 +0.23 4.25+0.35 5.14 + 0.31 4,97 + 0.45 1.59 + 0.26 11.71 £ 1.27

TipA—f [10] 2.16 + 0.24 6.09 + 0.62 4.00 +£0.16 6.29 + 0.58 3.72+0.19 19.33 +1.23
CrossModal [38] 3.13+£0.30 3.04 +£0.33 5.47 £ 0.53 2.69 + 0.25 5.56 + 0.28 8.95 + 0.45

2 TaskRes [6] 4.35+0.21 5.65+1.12 2.37+0.11 5.05+ 0.08 8.06 +£ 0.42 3.71+0.80
LP++ [18] 20.26 + 0.47 14.83 £ 6.57 4.36 £1.04 10.61 + 3.11 17.91 + 4.56 23.43 £4.56

CLAP [3] 3.30 £0.29 2.48 + 0.12 9.32+£0.80 6.21 +£0.28 4.32 +0.29 7.75 +0.70
BayeSAdapter [17]  1.81+0.08 5.39 £1.16 10.17 + 0.50 1.74 £ 0.16 2.20 £ 0.06 11.32 £ 2.05
Lll::l;::sl)JIP 1.75+0.23 2.37 £ 0.88 2.87 £0.38 1.27 £ 0.28 2.02 +£0.20 2.40 £ 0.65
LP [1] 13.48 + 0.41 37.19 £ 0.89 40.10 + 1.48 29.31 £1.97 26.83 £ 0.54 23.60 +1.96

TipA [10] 1.71+£0.12 5.88 £ 0.09 7.12+£0.29 3.88 +£0.07 3.35+0.21 11.93 + 1.33

TipA-f [10] 1.31 £ 0.20 6.71+0.14 5.39+£0.31 5.02 +0.19 1.72+£0.11 13.94 £ 1.42
CrossModal [38] 3.15+0.46 3.44 + 0.46 2.54 +0.10 3.98 £ 0.56 6.42 +0.37 2.38 £1.00

4 TaskRes [6] 4.51 +0.39 8.70 +£ 0.04 1.39 + 0.09 5.96 + 0.28 8.54 + 0.48 4,90 £1.92
LP++ [18] 16.07 +1.01 10.39 + 4.33 6.40 +£0.19 17.76 + 0.47 15.11 + 2.32 29.80 + 3.35

CLAP [3] 3.60 +0.44 4,47 +0.28 4.88 + 0.35 6.68 + 0.17 5.17 £ 0.24 13.98 +1.97
BayesAdapter [17] 1.80 +0.22 3.19 + 0.05 10.38 + 0.53 2.37 £0.62 1.92 £ 0.33 3.26 + 1.51
LiRA-CLIP

(ours) 1.43 £ 0.12 3.40 £ 0.49 3.32+0.31 1.25+ 0.50 2.51+0.52 2.67 +1.29
LP [1] 7.45 + 0.57 29.83 + 0.99 25.02 £ 0.64 21.71 £+ 1.42 16.72 £ 1.25 16.84 + 0.92
TipA [10] 2.54 +£0.23 7.40 + 0.17 12.01+ 0.43 2.28 £0.35 6.85 + 0.37 12.42 + 0.66

TipA—f [10] 1.17 £ 0.23 4,98 + 0.36 9.97 £ 0.95 3.73+0.23 2.69 +0.37 4.90 +2.00
CrossModal [38] 2.23+0.13 6.20 + 0.57 3.73+£0.30 5.90 + 0.25 4.63 +0.42 3.89 +£1.18

8 TaskRes [6] 3.34+0.12 11.52 + 0.58 1.67 £ 0.32 7.18 £0.27 7.43 + 0.60 8.28 £ 1.58
LP++ [18] 9.23+0.92 11.47 + 4.88 3.76 £ 0.88 15.75 £ 0.26 10.83 £+ 2.65 5.26 + 0.47

CLAP [3] 3.80+0.08 6.50 £ 0.48 4.60 + 0.39 7.44 £0.23 6.82 +0.31 16.14 £1.81
BayeSAdapter [17] 1.12+0.20 3.60 +0.44 8.53 +0.82 2.93 +£0.09 1.92 +£0.22 1.96 + 0.60
Lll::l;::sl)dlp 0.96 + 0.08 2.73+£0.30 1.81 +£ 0.05 1.44 + 0.30 1.66 + 0.62 2.22+0.76
LP [1] 4.30 + 0.65 20.30 +1.41 12.62 +1.08 9.81+1.42 9.40 £ 0.52 14.05 + 2.58

TipA [10] 3.76 £ 0.11 14.16 + 0.61 19.13 £ 0.52 2.00+£0.43 12.47 + 0.29 4.97 £ 0.50

TipA-f [10] 1.50 £ 0.12 3.38+0.63 16.12 £ 0.51 0.98 £ 0.34 7.21+0.18 1.85 + 0.53
CrossModal [38]  2.00 +0.23 5.50 £ 0.52 2.54 +0.11 5.05+ 0.12 3.23+0.30 6.94 +1.17

16 TaskRes [6] 2.72 £0.07 10.07 + 0.42 2.23+0.21 6.67 +0.11 6.09 £ 0.23 11.64 +1.13
LP++ [18] 5.42 +0.87 7.10 + 2.69 3.31+£0.43 13.07 £ 0.72 7.22+£0.34 2.34 £ 0.58

CLAP [3] 4.01+0.19 9.38 £ 0.51 2.47 +0.16 7.80 + 0.08 8.04 +£0.30 19.40 +1.09
BayesAdapter [17] 1.38 +0.20 2.11+0.30 5.56 + 0.25 2.42 +0.20 1.48 + 0.05 4.68 + 0.48
LII:(‘:SSAIP 0.75+0.23 3.06 +£0.32 2.17 £ 0.41 1.67 £ 0.14 1.92 +£0.13 5.99 £ 0.84

LP [1] 2.14 £ 0.38 14.78 £ 1.58 3.87+£0.95 4.06 + 0.82 3.58 £1.49 11.48 £ 1.41

TipA [10] 15.27 £ 0.11 23.77 £ 0.27 29.39 £ 0.31 6.93 +0.51 18.32 + 0.50 7.05+1.34

TipA—f [10] 3.05+0.06 8.37+0.17 22.28 +0.11 3.42+0.22 11.44 + 0.47 6.07 £ 0.26
CrossModal [38] 1.61+0.14 2.76 £ 0.05 1.91 + 0.39 4,55 +0.24 2.74 + 0.26 7.69 + 0.10

32 TaskRes [6] 2.48 £ 0.08 5.37 £0.20 3.03+£0.21 5.95+0.12 5.47 + 0.40 12.33 + 0.18
LP++ [18] 2.67 +£0.21 4.07 £1.76 5.23+0.38 10.24 +1.33 6.08 £ 0.45 2.89+0.34
CLAP [3] 3.68 £0.06 9.72 £0.17 3.34 £ 0.08 8.20 £ 0.06 9.48 +£0.17 19.68 + 0.38
BayeSAdapter [17] 0.98 +0.05 2.78 £0.30 2.54 +0.34 3.20+0.18 1.42 £ 0.42 5.20+£0.28

LiRA-CLIP

1.08 +£ 0.15 2.21+0.27 3.97+£0.15 1.85+0.06 1.90 £ 0.17 7.41 £ 0.39
(ours)
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Appendix A.3 Detailed Accuracy Results of LIRA-CLIP in Comparison with Baseline Methods

Table A3: Accuracy (%) on ResNet50. Results are reported over three random seeds.

No.shots Method Caltech101 DescribTextures FGVCAircraft OxfordPets UCF101 EuroSAT
LP [1] 57.96 +2.12 28.37 + 0.62 12.06 + 0.17 28.19 +1.69 33.53 +2.04 42,93 +3.93
TipA [10] 84.95 + 0.09 44.27 +£0.21 17.76 £ 0.12 83.57 £ 0.15 59.58 + 0.28 42.77 £ 0.65
TipA-f [10] 86.13 + 0.42 45.29 + 0.28 18.61 +£ 0.34 85.05 + 0.58 61.34 £ 0.30 52.00 £ 0.52
CrossModal [38] 88.07 + 0.37 47.85 £ 1.06 20.44 £ 0.32 81.43 +1.16 64.45 + 0.77 57.88 +£3.03
1 TaskRes [6] 88.52 +0.29 49.00 £ 1.16 20.46 £ 0.12 83.16 £ 1.10 65.02 + 0.43 58.98 +£2.72
LP++ [18] 88.21 + 0.48 46.43 + 0.67 20.13+£0.21 83.51+2.04 63.94 + 0.57 50.50 £ 1.11

CLAP [3] 88.26 + 0.28 47.60 + 0.45 20.46 +£ 0.29 84.41+0.72 64.09 +1.20 60.77 + 2.17
BayesAdapter [17] 87.94 +0.08 46.61 + 0.70 19.85 £ 0.59 80.97 £ 0.67 63.05 £ 0.59 57.47 £1.29
Lll:::rcsl)dlp 88.56 £ 0.04 47.22 +0.35 20.27 £ 0.59 85.60 + 0.70 64.42 +£0.26 57.53 + 4.66
LP [1] 68.05 + 2.29 36.43 £1.09 17.04 + 0.57 38.28 £2.23 44.40 + 0.22 50.58 +£5.48

TipA [10] 86.22 + 0.31 4515+ 0.22 18.85 + 0.44 83.44 + 0.51 61.18 + 0.23 50.16 + 1.02
TipA—f [10] 87.61 + 0.20 48.66 + 0.51 20.77 £ 0.11 85.48 + 0.51 65.05+0.14 60.07 + 0.88
CrossModal [38] 89.53 +0.25 53.07 +1.05 22.46 + 0.18 81.74 + 0.48 68.13 + 0.50 62.91 +1.00
2 TaskRes [6] 89.74 £ 0.15 53.23 +£0.92 22.16 £ 0.20 83.71£0.35 68.20 + 0.37 63.38 £ 0.63
LP++ [18] 89.02 £ 0.25 51.20 + 1.91 22.06 + 0.43 82.95 £ 0.99 67.95+0.24 59.65 + 2.61
CLAP [3] 89.68 + 0.21 53.17 £ 0.39 22.82 +0.29 84.74 + 0.61 67.93 £ 0.47 65.06 + 0.63
BayesAdapter [17] 89.06 + 0.05 51.87 £ 1.45 22.68 +£0.12 80.17 £ 0.75 67.35+0.29 63.83 +2.32
LIIE:I;SSJP 89.67 + 0.30 52.22 £ 0.95 22.93 +0.09 86.78 £ 0.25 69.03 + 0.38 66.35 +1.44

LP [1] 77.54 +1.34 47.01+ 0.76 21.14 + 0.82 49.88 + 1.66 55.19 + 0.48 61.28 + 2.07

TipA [10] 87.68 + 0.17 48.31 + 0.57 20.26 + 0.19 83.70 £ 0.16 62.78 £ 0.17 54.57 £ 1.19

TipA-f [10] 89.41 + 0.20 54.61+0.17 22.84 +0.28 86.26 + 0.27 66.59 + 0.67 65.54 +1.86
CrossModal [38] 90.37 +0.18 58.37 £ 0.14 24.45 £ 0.27 84.56 + 0.68 69.71 + 0.39 71.71 £ 1.71

4 TaskRes [6] 90.51 + 0.17 58.02 +£0.19 23.09 £ 0.19 85.89 + 0.29 68.64 + 0.49 71.63 + 1.86
LP++ [18] 90.80 + 0.19 57.51+ 0.50 24.03 +£ 0.67 87.47 +0.15 70.40 + 0.49 68.15 +1.29

CLAP [3] 90.78 +£ 0.20 58.87 + 0.34 25.08 +£ 0.40 86.48 + 0.23 69.70 + 0.38 72.26 +£1.60
BayesAdapter [17] 90.01+ 0.34 57.58 + 0.23 25.57 + 0.44 83.27 + 0.86 68.62 + 0.25 72.58 +1.89
Lll:::rCSI)JIP 90.53 £ 0.08 58.67 + 0.41 26.03 +£0.23 86.94 + 0.08 72.34 + 0.65 70.79 + 2.04

LP [1] 83.46 +1.74 54.06 + 0.55 27.78 £ 0.45 58.86 + 0.55 64.27 + 0.83 68.16 + 3.08
TipA [10] 88.51 + 0.21 52.32 +£0.17 20.91+0.12 84.12 + 0.32 64.95 + 0.25 63.34 +£ 0.57

TipA—f [10] 90.68 + 0.30 61.15 + 0.40 26.38 £ 0.79 87.07 £ 0.24 70.19 + 0.47 71.64 + 2.36
CrossModal [38] 91.79 + 0.06 62.61 + 0.58 28.29 + 0.53 86.75 + 0.34 73.55 +£ 0.39 77.74 +1.91
8 TaskRes [6] 91.59 + 0.09 61.35+ 0.33 26.53 + 0.57 87.23 £0.27 72.87 £ 0.51 76.84 + 2.24
LP++ [18] 91.62 + 0.19 62.63 £ 0.09 26.24 + 0.66 88.06 £ 0.20 73.69 £ 0.20 72.98 £ 2.69

CLAP [3] 91.49 + 0.07 62.88 +£0.30 29.25+0.53 87.48 + 0.16 73.61 +£0.19 76.39 £ 2.14
BayesAdapter [17] 91.68 £ 0.15 62.67 + 0.67 29.40 + 0.71 84.56 + 0.24 73.26 + 0.31 78.34 +£1.83
LII::::;’IP 91.08 + 0.16 63.24 + 0.36 29.10 £ 0.75 87.95+0.11 75.32 £ 0.01 77.03 £1.03

LP [1] 87.34 £1.71 60.86 + 0.42 34.66 +£ 0.63 71.75 £ 0.98 70.96 + 0.53 72.42 + 0.31

TipA [10] 89.36 £ 0.09 5491 +0.34 23.03 £0.22 83.55 + 0.45 66.35+0.21 69.51 + 0.54

TipA-f [10] 91.94 £ 0.24 65.58 + 0.14 31.32 + 0.56 86.42 + 0.14 72.30 £ 0.10 77.21+1.61
CrossModal [38] 92.75 + 0.04 66.90 + 0.37 33.32 £ 0.16 87.47 £ 0.08 76.39 £ 0.22 82.05+0.70

16 TaskRes [6] 92.56 + 0.16 65.64 + 0.40 31.37 £ 0.27 88.18 £ 0.12 75.73 £ 0.12 81.15 + 0.51
LP++ [18] 92.08 £ 0.18 66.65 + 0.51 32.19 £ 0.43 88.81+0.12 76.39 + 0.32 79.84 + 0.51
CLAP [3] 92.14 + 0.04 66.69 + 0.48 34.20 +0.25 88.38 + 0.07 76.12 £ 0.15 80.35+0.48
BayesAdapter [17] 92.87 +£0.03 66.57 £ 0.12 34.88 + 0.28 85.95+0.19 76.84 + 0.40 83.28 £+ 0.16
Lll:::;rcslp 92.01 + 0.04 66.67 + 0.35 33.47 £ 0.11 89.00 £ 0.26 77.29 £ 0.40 80.40 + 0.45

(Continued)
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Table A3 (continued)

No.shots Method Caltech101 DescribTextures FGVCAircraft  OxfordPets UCF101 EuroSAT
LP [1] 89.83 +1.37 64.95 +1.15 40.22 + 0.57 78.05 £ 0.58 76.39 + 0.47 75.00 £ 1.70
TipA [10] 77.90 + 0.11 56.50 + 0.12 2493 +0.11 81.20 + 0.58 67.15+ 0.39 70.83 + 1.61

TipA-f [10] 91.32 +0.12 68.07 £ 0.27 36.23 +£0.16 86.61 + 0.25 73.92 +0.36 77.81 +£0.90
CrossModal [38]  93.71+0.15  69.66 + 0.48 38.34 +0.28 88.34 +0.33 79.32+0.31 83.54 +0.25

32 TaskRes [6] 93.64+£0.08 68.89+0.48 3591+ 0.11 88.71+0.14 79.08 £ 0.39 82.13 +0.33

LP++ [18] 92.85+0.26  68.91+0.80 34.98 £ 0.27 88.95 £ 0.19 78.48 +0.49 83.77 +0.38

CLAP [3] 92.17 £ 0.12 68.44 +0.18 36.97 £ 0.23 88.90 £ 0.08 78.26 £ 0.15 81.56 + 0.41

BayesAdapter [17] 93.54+0.03  69.58 + 0.34 40.66 +0.24 88.08 +£0.26 79.53 £0.39 85.55+0.31
LiRA-CLIP

(ours) 92.09+0.12  67.34+0.49 36.11+0.14 89.00 £ 0.01 79.20 £ 0.03 81.70 £ 0.18

Appendix A.4 99%-Reliable Prediction of LIRA-CLIP in Comparison with Baseline Methods
Table A4: Selective classification at 99% confidence using a ResNet-50 backbone.

No.shots Method Caltech101 DescribTextures  FGVCAircraft OxfordPets UCF101 EuroSAT
LP [1] X X X X X X
TipA [10] 24.71 £ 0.18 0.85+0.05 0.23 £ 0.04 6.05 +£0.12 2.58 £ 0.09 0.00 + 0.00
TipA-f [10] 25.46 +0.13 0.73 £ 0.05 0.29 £ 0.09 6.82 +£0.12 2.74 £ 0.11 0.00 £ 0.00
CrossModal [38] 32.49 £ 0.26 2.21+0.15 0.64 £ 0.15 12.22 £ 0.11 4.13 +£0.29 X
1 TaskRes [6] 29.80 + 0.43 1.62 £ 0.14 0.50 + 0.10 11.35 £ 0.09 3.42+0.23 X
LP++ [18] 0.31+£0.14 0.00 + 0.00 0.00 + 0.00 0.40+0.28 0.00 + 0.00 X
CLAP [3] 31.28 + 0.26 1.60 £ 0.17 0.63 £0.11 10.58 £ 0.24 4.21+£0.38 X
BayeSAdapter [17] 35.21 £ 0.56 2.88 £ 0.36 1.01+0.15 13.17 £ 0.75 5.99 £0.35 X
LiRA-CLIP (ours) 51.09 +1.52 2.93 +0.12 1.25+0.14 25.95 + 0.05 8.83 + 0.05 0.55+0.17
LP [1] X X X X X X
TipA [10] 32.85+0.48 1.50 £ 0.15 0.44 +0.02 7.08 £0.27 4.07 £ 0.00 0.00 + 0.00
TipA-f [10] 33.66 + 0.33 1.26 + 0.08 0.46 + 0.04 7.56 £ 0.51 4.71+0.23 0.00 + 0.00
CrossModal [38] 31.48 £ 2.66 217 £0.24 0.49 £ 0.10 12.01 + 0.65 4.75+0.28 X
2 TaskRes [6] 29.13 £2.74 1.44 £ 0.25 0.36 £ 0.06 10.80 £ 0.77 3.72+£0.29 X
LP++ [18] 0.24 £ 0.06 0.14 + 0.14 0.00 + 0.00 1.38 £ 0.54 0.06 + 0.05 X
CLAP [3] 31.14 £ 2.25 1.62 £ 0.25 0.41 + 0.06 10.47 £ 0.58 4.69 +0.20 X
BayesAdapter [17] 36.80 £ 0.95 X 0.61+0.11 13.76 £ 0.72 7.16 £ 0.15 X
LiRA-CLIP (ours) 54.94 + 0.66 3.37 £0.41 1.18 £ 0.03 33.84 £ 0.35 11.60 + 0.00 1.02 £ 0.09
LP[1] X X X X X X
TipA [10] 43.34 + 0.23 X 0.79 £ 0.02 9.45 £ 0.20 10.53 + 0.21 0.00 + 0.00
TipA-f [10] 44.16 + 0.30 2.36 £0.03 0.84 £ 0.05 10.20 £ 0.16 11.01 + 0.28 0.02 £ 0.01
CrossModal [38] 31.13 £ 2.35 2.44 £ 0.04 0.41+0.08 13.04 £ 0.43 4.41+£0.18 5.31 +£1.06
4 TaskRes [6] 27.96 £1.55 1.36 £ 0.15 0.42 £ 0.05 11.76 + 0.39 3.61 £ 0.11 X
LP++ [18] 0.58 £ 0.15 0.14 £ 0.14 0.00 + 0.00 0.55+0.36 0.09 + 0.02 0.00 + 0.00
CLAP [3] 30.33 £1.43 1.40 £ 0.19 0.49 + 0.06 11.27 £ 0.25 4.56 + 0.18 0.03 £ 0.02
BayesAdapter [17] 41.56 + 2.51 3.96 £ 0.09 0.80 = 0.13 14.49 £ 0.43 9.97 £0.07 7.53 £1.76
LiRA-CLIP (ours) 57.44 +0.15 4.81+0.13 1.23 £0.13 32.28 £ 0.06 19.56 + 0.00 5.54 £ 0.12
LP [1] X X X X X X
TipA [10] 52.44 + 0.17 X X 13.09 £ 0.07 X 0.00 + 0.00
TipA-f [10] 52.82 +0.21 X X 13.85 +£ 0.39 19.68 £ 0.11 0.00 + 0.00
CrossModal [38] 42.56 +1.01 2.70 £ 0.28 0.96 + 0.05 12.67 £ 0.27 10.06 + 0.38 4.57 + 0.84
8 TaskRes [6] 34.25 +1.01 1.73 £ 0.14 0.61 + 0.05 11.44 £ 0.23 6.21 + 0.02 0.51+0.16
LP++ [18] 2.80 £0.78 0.75 +£0.75 0.00 + 0.00 0.64 +0.12 1.22 £ 0.60 1.84 +1.04
CLAP [3] 31.49 £ 0.48 1.71+£0.12 0.58 + 0.07 11.09 + 0.21 5.75+0.09 0.02 £ 0.01
BayesAdapter [17] 51.12 £ 0.81 7.05+0.63 1.46 £ 0.03 15.90 £ 0.36 15.22 + 0.37 9.33 £1.52
LiRA-CLIP (ours) 60.42 + 0.65 X 1.36 + 0.04 37.41+ 0.80 22.01 £ 0.67 6.13 £ 0.09
LP [1] 63.83 £2.24 X 2.72 £ 0.16 X X X
TipA [10] 65.07 £ 0.16 X X 20.54 £0.21 X 0.1 £ 0.04
TipA-f [10] 64.46 + 0.24 X 2.96 +0.11 22.34+£0.71 X 8.74 + 0.64
CrossModal [38] 52.33 £ 0.86 4.10 £ 0.21 1.10 £ 0.10 14.40 + 0.12 15.15 £ 0.36 5.23 £1.02
16 TaskRes [6] 44.83 + 0.86 2.29+£0.22 0.75 +0.10 12.66 + 0.39 9.89 £0.37 0.56 + 0.16
LP++ [18] 18.82 + 3.29 0.93 + 0.46 0.05 + 0.01 2.23+£0.17 4.60 + 0.32 4.70 £ 1.64

(Continued)
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Table A4 (continued)

No.shots Method Caltech101 DescribTextures = FGVCAircraft OxfordPets UCFI101 EuroSAT
CLAP [3] 32.20 £ 0.44 1.77 £ 0.12 0.59 £ 0.05 11.03 £ 0.17 5.80 £ 0.08 0.02 £ 0.01
BayesAdapter [17] 57.59 £ 0.88 X 1.77 £ 0.18 17.62 + 0.53 19.16 + 0.32 9.53+1.14
LiRA-CLIP (ours) 62.39 + 0.38 6.46 + 0.66 1.83 £ 0.15 41.70 £ 0.70 X 7.08 +£0.03
LP [1] 64.29 + 2.87 X 1.92 £ 0.16 X X X
TipA [10] X X X X 10.44 + 0.30
TipA-f [10] 70.85 + 0.23 X X 35.25+0.30 X X
CrossModal [38] 58.39 £ 0.63 7.64 £ 0.26 1.63 £ 0.05 16.31 + 0.14 20.68 £ 0.30 7.02 £ 0.32
32 TaskRes [6] 53.50 £ 0.71 4.57 £ 0.29 1.16 £ 0.07 14.00 + 0.39 16.05 + 0.32 0.49 + 0.06
LP++ [18] 47.88 £ 0.63 3.61 £0.71 0.23 + 0.06 4.51+0.83 12.58 + 0.34 7.70 £ 0.87
CLAP [3] 34.13 + 0.07 1.64 £ 0.14 0.47 £ 0.04 10.97 £ 0.20 5.98 £ 0.09 0.02 £ 0.02
BayesAdapter [17] 61.93 £ 0.22 10.95 £ 0.20 2.24 £ 0.07 19.84 £ 0.12 24.82 +£0.23 12.75 £ 0.21
LiRA-CLIP (ours) 63.83 £0.72 5.67 £ 0.00 3.03 £ 0.03 43.05 £+ 0.60 X 9.14 + 0.05

Appendix B Detailed Numerical Values for Ablation Study
Appendix B.1 Ablation Results for LIRA-CLIP-F in Comparison with Baseline Methods

Table A5: Results on EuroSAT using ResNet50 averaged over three random seeds where Sel@99% denotes 99%-reliable
coverage (%); a value of X indicates that the 99% target accuracy could not be satisfied.

No.shots Method Accuracy ECE AECE Sel@99 %
TipA-f [10] 52.00 £ 0.52 15.96 £ 0.91 15.84 + 0.98 0.00 £ 0.00
CrossModal [38] 57.88 +3.03 11.54 + 2.78 11.54 £ 2.78 X
TaskRes [6] 58.98 +£2.72 5.76 + 2.50 5.90 +2.42 X
1 LP++ [18] 50.50 +1.11 17.42 £ 1.89 17.33 £ 1.95 X
CLAP [3] 60.77 + 2.17 7.19 £ 0.97 7.14 £1.02 X
BayeSAdapter [17] 57.47 £1.29 17.07 +£1.21 17.06 £ 1.21 X
LiRA-CLIP (ours) 57.53 £ 4.66 3.71+0.80 3.77 £0.99 0.55+0.17
LIRA-CLIPE ) 694079 5.87 + 1.58 5.71£1.90 X
(ours)
TipA-f [10] 60.07 £ 0.88 19.33 +1.23 19.21 £ 1.29 0.00 £ 0.00
CrossModal [38] 62.91+1.00 8.95+ 0.45 8.91+0.41 X
TaskRes [6] 63.38 + 0.63 3.71+0.80 3.64+0.76 X
) LP++ [18] 59.65 + 2.61 23.43 + 4.56 23.43 + 4.56 X
CLAP [3] 65.06 £ 0.63 7.75+0.70 7.61+0.73 X
BayesAdapter [17]  63.83 £2.32 11.32 + 2.05 11.29 + 2.07 X
LiRA-CLIP (ours) 66.35 +1.44 2.40 + 0.65 2.90+0.75 1.02 + 0.09
LIRA-CLIP-F 68.75 + 1.45 4.25+0.93 4.38 £1.07 0.02 + 0.00
(ours)
TipA-f [10] 65.54 +1.86 13.94 +1.42 13.81 £ 1.53 0.02 £ 0.01
CrossModal [38] 71.71 £ 1.71 2.38 £1.00 2.40 + 0.95 5.31+1.06
TaskRes [6] 71.63 £1.86 4.90 +£1.92 5.05+1.76 X
4 LP++ [18] 68.15+1.29 29.80 £ 3.35 29.76 + 3.32 0.00 £ 0.00
CLAP [3] 72.26 +£1.60 13.98 £1.97 13.97 £1.97 0.03 +£0.02
BayesAdapter [17]  72.58 +£1.89 3.26 £1.51 3.24+1.51 7.53 £1.76
LiRA-CLIP (ours) 70.79 £ 2.04 2.67 £1.29 2.61+1.23 554 +0.12

(Continued)
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Table A5 (continued)

No.shots Method Accuracy ECE AECE Sel@99 %
LiRA-CLIP-F

iRA-C 76.96 + 2.37 3.34 £ 0.16 3.18 + 0.35 2.54 +2.37

(ours)
TipA-f [10] 71.64 + 2.36 4.90 + 2.00 5.04 + 1.86 0.00 + 0.00
CrossModal [38]  77.74 +1.91 3.89 +1.18 3.88 +1.19 457 +0.84
TaskRes [6] 76.84 + 2.24 8.28 +1.58 8.27 +1.58 0.51 + 0.16
o LP++ [18] 72.98 + 2.69 5.26 + 0.47 5.26 + 0.46 1.84 +1.04
CLAP [3] 76.39 + 2.14 16.14 + 1.81 16.14 + 1.82 0.02 + 0.01
BayesAdapter [17]  78.34 + 1.83 1.96 + 0.60 1.73 + 0.51 9.33+1.52
LiRA-CLIP (ours)  77.03 +1.03 2.22+0.76 419 +0.67 6.13 + 0.09
LiRA-CLIP-F 80.94 + 0.07 1.66 + 0.27 1.68 +0.23 7.87 £0.19

(ours)
CrossModal [38]  82.05 + 0.70 6.94 + 1.17 6.89 +1.22 5.23 +1.02
TaskRes [6] 81.15 + 0.51 11.64 + 1.13 11.64 +1.13 0.56 + 0.16
LP++ [18] 79.84 + 0.51 2.34 +0.58 2.29 + 0.59 4.70 + 1.64
16 CLAP [3] 80.35 + 0.48 19.40 + 1.09 19.40 + 1.09 0.02 + 0.01
BayesAdapter [17]  83.28 + 0.16 4.68 +0.48 4.68 +0.42 9.53 +1.14
LiRA-CLIP (ours)  80.40 + 0.45 5.99 + 0.84 5.99 + (.84 6.08 + 0.03
LiRA-CLIP-F 84.56 + 0.02 3.85 + 0.59 3.82+0.56 6.77 £ 1.04

(ours)
CrossModal [38]  83.54 +0.25 7.69 + 0.10 7.68 + 0.10 7.02 +0.32
TaskRes [6] 82.13 +0.33 12.33+0.18 12.32 £ 0.18 0.49 + 0.06
LP++ [18] 83.77 + 0.38 2.89 +0.34 2.76 + 0.36 7.70 + 0.87
32 CLAP [3] 81.56 + 0.41 19.68 + 0.38 19.68 + 0.38 0.02 + 0.02
BayesAdapter [17] 85.55 + 0.31 5.20 +0.28 5.25+0.21 12.75 £ 0.21
LiRA-CLIP (ours)  81.70 + 0.18 7.41 + 0.39 7.41+0.39 7.94 + 0.05
LiRA-CLIP-F 88.14 + 0.90 6.11 + 0.11 6.08 + 0.09 8.23 +0.58

(ours)
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Appendix C Statistical Significance and Robustness Analyses
Appendix C.1 Paired Non-Parametric Significance Test

Table A6: Paired non-parametric significance tests with BayesAdapter [17] on RN50. We computed the test over paired
dataset x shot settings include Accuracy and ECE tested over 6 datasetsx6 shots where the Selective coverage tested
over 6 datasetsx3 shots with K € {1,2,4}. The improvements defined as AAcc = Accpira — ACCBayesadapter AECE =
ECEgayesadapter — ECELira, and ASel = Seljjra — Selpayesadapter (positive is better) where N is sample size for the paired
comparison. Reported Wins(W), Losses(L) and Ties(T) across settings, bootstrap 95% ClIs for the mean improvement.
And then paired Wilcoxon, sign, and permutation (sign-flip) p-values. Holm-adjusted permutation p-values control
family-wise error across all four metrics.

Metric Alt. N W/L/T Mean A (95% CI) Median A Pperm Pperm,Holm
Accuracy Two-sided 36 24/12/0  0.5044 [-0.2297, 1.2495] 0.4550 0.1939 0.1939
ECE Greater 36 25/11/0 1.8431 [0.7522, 3.0664] 0.5200 0.00095 0.0019

Sel@95 Greater 18 17/1/0 6.0256 [3.2983, 9.0006] 5.6100 0.000125 0.00050
Sel@99 Greater 18 17/1/0 6.8061 [3.4300, 10.3662] 3.1050 0.00019 0.00057

Note: Altis the alternative hypothesis used in the paired tests, where two-sided tests whether the median improvement
differs from zero, while greater tests whether the median improvement is strictly positive.
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