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ABSTRACT

Confidence calibration is an emerging challenge in real-world decision systems
that repurpose foundations models for downstream vision classification tasks.
Due to various reasons such as inherent biases in contrastive pre-training, frozen
embeddings and neural collapse in CLIP when post-training, logit scores on the
CLIP head remain large irrespective of whether the image-language pairs reconcile.
Ideally, they should be proportional to the amount of that reconciliation. This paper
adaptively regulates that reconciliation. We propose a penalty incorporated into the
oss objective that penalizes incorrect classifications whenever one is made during
adaptation by moving an amount of log-likelihood to the true class commensurate
to the relative amplitudes of the two likelihoods. We refer to the latter as the
confidence misalignment penalty (CMP). Extensive experiments on 12 vision
datasets and 5 domain generalization datasets supports the calibration performance
of our method against stat-of-the-art. CMP outperforms the benchmarked prompt
learning methods, demonstrating average improvement in Expected Calibration
Error (ECE) by average 6.01%, 4.01 % at minimum and 9.72% at maximum.

1 INTRODUCTION

Foundation models such as CLIP |Radford et al.| (2021), ALIGN Jia et al.| (2021), and Flamingo
Alayrac et al[(2022), have demonstrated remarkable performance across a wide range of tasks by
leveraging pre-trained multimodal representations, including few-shot and zero-shot classification
with tunable language prompts. However, when these foundation models are used for downstream
tasks (e.g., classification or retrieval tasks), the setup is observed to frequently lead to poor calibration
and produces overconfident misclassified predictions |Ye et al.| (2023)); [Tu et al|(2024a) on the
downstream task. This leads to problems such as an eventual reduction in generalization and the
ascribing of undesirably high confidence to misclassified and out-of-distribution examples. This
has in practice resulted in decisions with ethical, equity and health & safety consequences Firoozi
et al.| (2023), thereby eroding the trustworthiness of this iteration of Al for the general public. This
could be viewed as a special case of misalignment, where the behavior of foundation models deviates
from its objective, or expectation of users or society. The major cause for this is post-training
on data without an alignment of the downstream task to the often-undisclosed distribution of data
in pre-training or to specific guideline or safety conditions |Ouyang et al.| (2022)); |Achiam et al.
(2023). We understand the problem to have emerged from a mix of factors: 1) a discounting of
the maximum entropy theorem (Sec. [3| Theorem [3.1)), 2) neural collapse at post-training time (Sec.
[3). and 3) upstream non-plasticity embedding under low-shot exposure to downstream data. We
further specify the problem of post-training under the reality of distributional divergence. Model
uncertainty often arises under distribution or domain shift, such as due to bad weather condition or
poor visibility, then failing gracefully is a more autonomous option than to transferring control to
a fallback system (i.e human) [Filos et al.|(2020). This work tunes the logits to be less wrong when
misclassifying. In this contribution, we gather the amount of confidence put on the modal CLIP logit
when a misclassification has occurred, reassign the difference to the correct text-image pair, therefore
explicitly forcing parameter updates to fix the most broken part of the prediction distribution for a
given example.
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The work subscribes within the body of work on model uncertainty that is championed by
(2017)’s model calibration with a focus on the empirical distribution of the predictions . It explores
the problem from first principles of modeling the output distribution, and fixes a central problem that
increases a more realist estimate of confidence, and increases system trust.

Contributions

1. We propose a loss component that suppresses CLIP’s confidence on mismatched lan-
guage—image pairings by moderating the posterior flow whenever an incorrect class attains
a higher peak than the true class.

2. We show through extensive experiments that CMP consistently improves both accuracy and
calibration across few-shot and distribution-shift benchmarks.

Hlustrative example

We illustrate undue confidence attribution to competing classes using one class 0 (Plane) in CIFAR10
as a toy example. The top left quadrant of Fig. [T]shows confidence by definition of logits, where
classes besides class 0 have reasonably high bars, most notably class 8 (Ship) and others. On its
right is the equivalent logit vector for our method. This result carries over upon aggregation over the
entire testing set, as shown in the respective quadrants on the bottom row, where correctly classified
examples (in blue) versus misclassifications (in yellow). Our penalty introduces distinct variation
between the highly-confident correct predictions and the low-confidence wrong predictions.
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Figure 1: Confidence calibration of CLIP in low-shot (4-shot) settings for CIFAR10 dataset produced
using the CoOp pipeline. The top row shows the confidence measurement for class 0 with contrastive
loss (left) and confidence misalignment penalty loss (right). The bottom row denotes the confidence
level as histogram for correct and incorrect predictions over test set where misalignment penalty
shows improvement in calibration by showing logits being less confused.

2 RELATED WORK

Vision-language foundation models. Foundation models open new horizons for machine learning
tasks, particularly in supervised learning Radford et al.|(2021)); |Jia et al.|(2021). Foundation models
like CLIP can be easily adapted for downstream tasks. To further improve, downstream task classifi-
cation, several efficient methods are available, including parameter-efficient prompt tuning (PEFT)
Zhou et al.| (2022b)), prompt tuning, vanilla fine-tuning [Khattak et al.| (2023), adapter tuning
et al.|(2021)), and CLIP fine-tuning (2024).

The CLIP foundation model [Radford et al.| (2021), consist of an image encoder f(z) and a text
encoder g(t). Both encoders are jointly trained using contrastive loss. The pre-trained CLIP provide
support of zero-shot learning which can then be used for downstream tasks like prompt learning using
fixed or hand-crafted prompts. Context Optimization (CoOp)|Zhou et al|(2022b) introduced learnable
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task-specific prompts by replacing the manually designed prompts. CoOp provides two different
prompt implementation i.e. Unified context vectors where prompts shared across classes and Class-
specific context vectors provides individual prompts per class. But admittedly, CoOp struggles with
generalization to unseen classes and distribution shift. Conditional Context Optimization (CoCoOp)
Zhou et al.| (2022a)) generates dynamic prompts using light neural network adaptive to input image.
The generated prompt are instance-specific dynamic prompts capable to address overfitting. Prompt
distribution learning (ProDA) Lu et al.| (2022) models a distribution of diverse prompts instead of
individual prompts to generalise well to downstream tasks. ProDA learns a Gaussian distribution
of classifiers weights drawn from diverse prompts. Diversity is introduced by varying class-token
position in prompt.

Confidence calibration in deep learning models. Extensive research focuses on confidence cal-
ibration methods to ensure model accuracy is aligned with its predicted confidence scores. These
methods includes regularization based approaches, such as implicit regularization |Ross & Dolldr
(2017) Baloch et al.|(2019), L4 regularization |Guo et al.|(2017) , and entropy regularization Pereyra
et al| (2017) to align the model predicted accuracy with confidence. Some augmentation-based
approaches, such as label-smoothing Miiller et al.|(2019) and mix-up training methods Thulasidasan
et al.[(2019); Zhang et al.| (2022) are also explored for confidence calibration in deep learning models.
Mukhoti et al.| (2020) use focal loss to uniformly down-weight the confidence prediction for all
samples while C'M P which penalize misclassified only. [Liu et al|(2022) applies margin smoothing
by assuming uniform label noise and requires tuning margin hyperparameters. C'M P automatically
adapts penalty strength via relative logit amplitudes, requiring no margin tuning.

Confidence calibration in foundation models. [Pandey et al.|(2024) addresses the issue of under-
confidence in pre-trained foundation models when these models are fine-tuned for downstream tasks
in few-shot settings. Similarly, Murugesan et al.| (2025) highlights the miscalibration problem in
CLIP-based adaptive approaches. Their proposed method empirically demonstrates that CLIP-based
adaptive approaches, such as prompt learning, adapters, parameter-efficient fine-tuning (PEFT), and
test-time adaptation, are prone to miscalibration in zero-shot/few-shot settings under distribution
shifts. Furthermore, [Tu et al.| (2024b) investigates the prediction uncertainty of the foundation model
CLIP for image classification tasks, focusing on variations in visual factors.

In this work, we propose a regularization-based approach CMP which focus on low-shot regimes
where validation set is infeasible to ensure that the predictive probabilities of foundation models align
with confidence scores in a prompt-learning setting under distribution shifts.

3 METHOD

A fundamental issue with the otherwise highly effective pairing of softmax-based classifiers and
cross-entropy loss is prediction overconfidence and underconfidence, where the softmax logits, which
are unnormalized log probabilities at the output, tend to overestimate or underestomate the true
classification accuracy. Foundation models such as CLIP use contrastive loss to align text and image
embeddings Radford et al.| (2021). The CLIP loss L. can be defined as: L. = % (Lixe + Limg)
Loi = _% Ziil log = exp(sim(ti,i;)/7) Limg = _% Zﬁl log Z}\?XP(Slm(lhti)/T)

JN:1 exp(sim(t;,i;)/7)’ G exp(sim(iz,t;)/7)

where, sim(t;, i;) is the cosine similarity between text embedding t; and image embedding i;, 7 is a
learned temperature parameter, while N is the batch size.

Theorem 3.1. CLIP’s contrastive loss for aligning image-text pairs introduces bias to the posterior
probabilities P(t | i;0) and P(i | t;0), pushing them towards low-entropy distributions, thereby
conflicting with the Maximum Entropy Principle (MEP). This is reflected in the sharpness metric S,
defined as:
max; P(t;]i)
S=_—2 I = N.P(ti
BP0 O
where CLIP optimization drives S — N (fully peaked), while MEP favors S = 1 (uniform).
Furthermore, the entropy H(P(t|i;0)) is bounded by:

N 20 gim
. < Si
H(P(t|i;0)) <logN — N1 exp (—) ,
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with Agy = sim(i,t;) — max;-; sim(i, t;) is the similarity gap. As the training progresses and
Agim — 00, the bound forces H(P) — 0, directly opposing MEP’s principle.

Proof. By definition of the CLIP loss:

N
~ 2 [log P(t;i;) + log P(i;[t:)] ,

Lc =

. s, _ exp(sim(i,t)/7) . e . . T .
where: P(t|i;0) = SV explsm(it;)/)" Here, sim(i, t) is the cosine similarity, 7 is a learned

temperature parameter, and /V is the batch size.
The entropy of P(tli; ) is:

N
H(P(t]3:0) = — > P(t, i) log P(t, ).
j=1
CLIP’s loss minimization forces P(t;|i) — 1 (correct pair) and P(t;|i) — O (negative pairs, j # %),
reducing entropy H (P) — 0. This behavior is quantified by entropy bound which is derived from
dominance of correct pair similarity:

) exp(—Agim/T)
P(t,]i) < 1+ (N —1)exp(—Agm/7)’

leading to the upper bound on entropy.

J#i

According to the Maximum Entropy Principle (MEP) Jaynes| (1957), the least biased distribution that
best represents uncertain data is the one with maximum entropy:

Phgp = arg max {— Zy: P(y|z)log P(ylw)} ,

which, under normalization (3_; P(t;|i) = 1), favors a uniform distribution where all outcomes have
non-negligible probability.

To quantify the deviation from MEP, we adapt sharpness metric S inspired by distributional peaked-
ness measures [Theodoridis| (2015); \Guo et al.|(2017); | Tian| (2022):

max; P(t;|i
R p(@. '|i>)] _ N P(&f)
since E[P(ti)] = = (due to uniform expectation under no assumptions).
Under CLIP optimization:
P(t;]i) 1 = S — N (fully peaked),
whereas MEP requires S = 1 (uniform distribution).
Thus, CLIP’s loss minimization directly opposes MEP through both metrics:
S— N and H(P)—0.

O

We emphasize that MEP is applied selectively. CLIP’s contrastive loss drives all predictions toward
peaked distributions (S — N), but this is only problematic for misclassified examples where high
confidence is unjustified. For correct predictions, peaked distributions (S — N) are desirable. CMP
therefore applies MEP-inspired regularization only when P(z,y’) > P(z,y)P(x,y’) (misclassifica-
tion), preserving appropriate confidence for correct predictions while reducing overconfidence for
errors.

However, these models are prone to confidence not being proportionate to predictions Wen et al.. The
important remark is that for a wrong prediction g, any class that is not the true image class y’“steals”
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probability mass from y’. Indeed, even for a correct prediction, this mass is spread to possibly all
competing class choices. This amount of lost likelihood gives us a measure of confidence lost in the
prediction. We call the quantity, confidence misalignment (CM).

For well-calibrated prediction,the sofmax probability P(x,y) assigned to the correct predicted class
y must be higher than the incorrect classes (P(x,y’),y # y'). Therefore, we re-introduce a fraction
of likelihood to penalize the contrastive loss, the confidence misalignment penalty (CMP)

P(x,y)

CMP = 7
Zy’iy:P(as,y’bP(x}y) P(xvy/)

()
where P(z,y) = % is softmax probability for correct pair and P(z,y’) = %
represents the softmax probabilities for all incorrect pairs (x,y’) where y # y'.

Proposition 3.1. CMP < 1 thereby bounding the confidence by redistributing the probability mass
from overconfident incorrect predictions to the correct prediction. (see proof detail [B.1))

The CMP for a batch N can be defined as:

r 1 a P(xzi,y;)
CMP — 7 .
N i=1 Ey/#yiyp(xiyy/>>P(zi,yi) P(:L‘¢7y/> te

@

After plugging in this into CLIP loss, the final CLIP loss Ly, is defined as:
Linal = Lc +X.Lomp 3)

A is calibrating strength of CMP penalty.

Proposition 3.2. The CMP penalty for correctly classified pairs is Leyp(z,y) =~ 0, while for
misclassified pairs, Lcyp(x,y') > 0. (see proof detail

This results in a significant CMP penalty, as it redistributes the confidence from overconfident
incorrect predictions. This redistribution cofidence penalty is integrated into CLIP loss which is
denoted as Lyna. The introduced penalty works dynamically by penalizing misclassified pairs only
and leaving the correct one. Next, we make sure that CMP loss is bounded and gradient decays
smoothly to ensure stability.

Proposition 3.3. The gradient of the CMP loss Lcyp with respect to logits is bounded and ensures
stable optimization. (see proof detail [B.3))

The introduced CMP addresses the critical challenge of miscalibration in foundation models, by
redistributing the probability mass from incorrect prediction to correct one. CMP integration into
CLIP ensures reliable predictions which are aligned with true probability. Furthermore, theoretical
guarantees like confidence bound, gradient stability, convergence and selective penalty makes the
proposed method robust for use in real-world applications where trust is in predictions is critical.

4 EXPERIMENTS AND RESULTS

4.1 EXPERIMENTAL SETUP

Datasets. We evaluated our method CMP on 12 standard vision benchmark datasets that includes,
Flowers102 Nilsback & Zisserman|(2008)), StanfordCars Krause et al.[(2013)), Imagenet Deng et al.
(2009), DTD |Cimpoit et al.| (2014), SUN397 |Xiao et al.[(2010), CIFAR10 |Coates et al. (2011),
EuroSAT Helber et al.| (2019)), OxfordPets [Parkhi et al.|(2012), UCF101 [Soomro|(2012), Food101
Bossard et al.|(2014), FGVCAircraft Maji et al.| (2013)), Caltech101 [Fei-Fei et al.| (2004). For domain
generalisation we used ImageNet-1K with its four variants like ImageNet A (Art) Hendrycks et al.

'We fondly like to refer to the model’s reflexive epistemics and do a wordplay with the name of the penalty.
Referring to to the social psychologists Dunning and Kruger’s work |Kruger & Dunning|(1999), we informally
call our loss the Dunning-Kruger Loss (the DKL), reading it as the reflected anagram (i.e. a guided redistribution)
of KLD, the Kullback-Leibler Divergence, which fixates on a high-bias region around the mode.
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(2021b), ImageNet-V2 (V2) Recht et al.|(2019)), ImageNet R (Real) [Hendrycks et al.|(2021a)) and
ImageNet S (Sketch) Wang et al.|(2019) to ensure its performance.

Implementation details. Our experiment is in two parts. In first part we evaluate CMP performance
for prompt learning methods. To achieve this, We used pre-trained CLIP (ViT-B16) Radford et al.
(2021)) model in prompt learning experiments. In second part, we use CLIP (ViT-B16) and (ResNet-
50) as backbone while comparing CMP performance with CLIPCalib Murugesan et al.| (2025)
E]in domain generalization. To check the performance of CMP we performed following sets of
experiments.

» Evaluating calibration in CLIP-based models. We conduct an experiment to analyze
the overconfidence in foundation model when adapted for downstream vision classification
tasks. The results are shown in Figure[I]and a detail discussion can be found in sec[3]

* Improving prompt learning calibration with CMP integration. To evaluate the per-
formance of our penalty integration into prompt learning methods, we performed prompt
learning with and without penalty integration. The results are reported in tabular form and
detail discussion is provided in sec[3}

* CMP integration enhances calibration in domain generalization. To analyze the robust-
ness of CMP, we performed experiment in domain generalization settings. The results are
presented in tabular formate along with detail discussion in section [5|and appendix [C]

* CMP improvement against benchmarks. To check the calibration performance of CMP in
comparison to benchmarking, we perform detail experiments with two backbone (ResNet-50
and ViT-B16). The results are discussed in section [5|and appendix [C}

Due to spatial constraint more experimental detail can be found in appendix [C|

Baselines. We compare CMP performance with existing prompt learning methods, such as CoOp
Zhou et al.| (2022b), CoCoOp |Zhou et al.| (2022a)), ProDA |Lu et al.| (2022), MaPLe |[Khattak et al.
(2023), and KgCoOp |Yao et al.| (2023).

Benchmarks. We compared CMP confidence normalization performance against standard CLIP in
zero-shot setting, with zero-shot calibration method CLIPCalib |Murugesan et al.|(2025) and , C-tpt
Yoon et al.| (2024), B-PEFT |Pandey et al.|(2024).

Evaluation metrics. To measure the confidence calibration of CMP, we used three evaluation metrics
Expected Calibration Error (ECE)|Guo et al.[(2017), Adaptive Calibration Error (ACE) Guo et al.
(2017) and Maximum Calibration Error (MCE) Nixon et al.|(2019) and accuracy in our work.

Low-shot settings: We evaluate our method CMP in low-shot settings (1-8 shots per class) to assess
the generalization and calibration with limited data. The detailed results are given in appendix Table[6]
and Table[7] The results show that CMP maintains robust performance compared to baseline prompt
learning methods, in low-shot regime.

5 DISCUSSIONS

In our work, we evaluated the effectiveness of CMP calibration using ECE, ACE, MCE and general-
ization of CMP using acc metrics. But due to space constraint we reported ECE results in this section.
The remaining metrics results can be found in

Calibration performance of CLIP-based adaptive models. Figure [[|shows confidence calibration
of CLIP in zero-shot settings for CIFAR10 classification task. The top row (left) in figure shows
contrastive loss result without integration of CMP into loss, it has been observed that the confidence
distribution for predicting class 0 is spread across all incorrect classes. This indicates overconfidence
of the model as the model logits are less focused. The top row (right) shows results of CMP loss for
zero-shot tasks, it is shown in figure that the confidence distribution is concentrated near lower values
of confidence. This indicates that CMP reduces the overconfidence for incorrect prediction.

>The CLIPCalib prompt learning comparison results are reproduced by using their code published in paper
which is available athttps://github.com/Bala93/CLIPCalib,


https://github.com/Bala93/CLIPCalib
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Table 1: CMP average calibration performance across 11 datasets for downstream tasks in 8-shot
setting. the row with + shows our method combined with existing prompt learning method. The
J represent the smaller value is better, while the 1 in accuracy (Acc) denotes the larger value is
significant. Bold values shows more significant result.

Method Ace() ACE(J) MCE() ECEQ)
CLIP 727 351 0.89 347
CoOp 832 328 1.16 316
CoOp + (CMP) 84.1 3.01 0.98 2.98
CoCoOp 73.8 3.65 0.92 3.97
CoCoOp + (CMP) ~ 72.2 371 1.03 4.07
ProDA 834 429 133 713
ProDA + (CMP) 84.2 3.86 1.49 3.94
MaPLe 829 163 .49 319
MaPLe + (CMP)  84.6 4.01 1.21 2.88
KgCoOp 752 761 1.09 424
KgCoOp + (CMP)  76.3 4.11 0.97 4.07

Table 2: Comparison of CMP when combined with prompt learning methods in 8-shot setting. Bold
values represent significant performance. In the left column Acc 1 demonstrates larger value is
significant. In the right column ECE | shows smaller value is significant.

Acc (D) ECE (1)

Method source target source target
ImageNet R S A V2 Avg ImageNet R S A V2  Avg
CLIP 65.8 70.5 47.1 488 615 572 1.94 412 498 792 301 501
CoOp 70.3 740 463 486 642 582 1.32 7.83 146 677 298 8.01
CoOp + (CMP) 72.5 748 474 49.7 66.1 59.5 1.55 691 139 635 213 732
CoCoOp 714 745 503 519 654 605 1.09 691 124 529 275 6.83
CoCoOp + (CMP) 72.8 778 50.5 538 652 618 1.85 744 11.8 432 1.05 6.15
ProDA 69.6 70.7 542 548 664 615 1.39 755 149 691 3.05 8.10
ProDA + (CMP) 67.3 689 53,6 529 66.7 60.5 1.47 601 13.6 695 273 732
MaPLe 72.5 72.1 549 497 643 603 1.53 3.66 578 135 201 648
MaPLe + (CMP) 70.6 733 556 529 657 618 1.68 248 4.07 125 198 5.25
KgCoOp 73.7 722 49.6 50.1 63.7 589 2.51 415 752 141 375 1738

KgCoOp+(CMP) 729 743 488 525 654 603 292 413 7.08 134 3.08 692

Table 3: CMP results in comparison with CLIPCalib Murugesan et al.| (2025) with ResNet-50
backbone in 8-shot setting. CMP results for ViT-16 backbone implementation are given in the
Appendix |C| Bold value represents significance improvement in CMP performance. In ACC part
(1) denotes larger value better accuracy. while in ECE part (| ) demonstrate smaller value better

calibration.
Method UCF101 Food101 Caltech101 Pets Flowers102 ImageNet Cars Aircraft SUN397 DTD EuroSAT Avg.

ACC (1) CLIP 58.9 73.9 85.6 83.6 61.6 58.2 55.7 15.7 58.8 40.3 23.7 56.0

CLIPCalib 60.4 752 87.1 843 61.8 60.7 581 17.2 61.1 420 26.6 577
C-tpt 61.2 76.3 87.5 84.4 62.0 60.9 59.5 17.0 62.4 432 26.0 58.1
B-PEFT 60.8 75.8 87.3 84.3 61.9 60.8 58.8 17.1 61.8 42.6 26.3 57.9
CLIPCMP 61.9 713 87.8 84.5 62.1 59.3 60.9 16.8 63.2 43.7 254 58.5
CLIP 3.57 3.46 3.68 3.42 3.76 3.52 3.46 3.44 3.62 3.68 3.42 3.47
ECE () CLIPCalib 3.48 3.38 3.59 334 3.67 344 338 3.36 3.54 3.49 3.44 3.39
C-tpt 345 3.34 3.55 3.38 3.48 3.47 3.41 3.28 3.50 3.55 3.31 3.35
B-PEFT 3.46 3.36 3.57 3.36 3.58 3.46 3.40 3.32 3.52 3.52 3.38 3.37
CLIPCMP 341 3.30 3.52 3.57 3.29 3.36 3.40 3.19 3.46 3.61 3.17 331

The bottom row (left) shows confidence level histogram for correct (blue) and incorrect (orange)
predictions using contrastive loss. The overlap indicates confusion in model logits, model can not
confidently differentiate between correct and incorrect predictions. The bottom row (right) represents
confidence for correct (blue) and incorrect (orange) prediction using CMP loss. It has been observed
that correct predictions (blue) are sharply concentrated near 1.0 while the incorrect predictions
(orange) are near to 0.0. This clear separation shows that CLIP model is better calibrated and less
confused in zero-shot setting, even without task specific fine-tuning.
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Table 4: CMP performance results in comparison with CLIPCalib with (ViT-B16) as backbone for
domain genralisation in 8-shot setting.

ImageNet-1K variants

Method source target
ImageNet R S A V2  Avg
CLIP 65.8 70.5 47.1 488 615 572
ACC CLIPCalib 73.8 77.1 479 545 635 60.7
C-tpt 72.0 76.0 47.1 540 63.1 60.0
B-PEFT 71.1 754 467 538 629 59.7
CLIPCMP 70.2 74.8 462 535 627 593
CLIP 1.94 412 498 792 301 5.01
ECE CLIPCalib 1.88 399 482 7.67 291 485
C-tpt 1.86 394 461 771 287 4.8
B-PEFT 1.85 391 450 7.73 285 475

CLIPCMP 1.83 388 439 775 283 4.71

Improving prompt learning calibration with CMP integration. To evaluate the impact of CMP
integration into prompt learning methods, we report ECE performance results across 11 datasets for
various baselines, both with and without the penalty term, as shown in Tablem

The results in Table[T]indicate that integrating CMP consistently reduces ECE, thereby improving
model calibration. For example, the baseline CoOp achieves an ECE of 3.16, while its penalty-
enhanced version (CoOp + CMP) reduces ECE to 2.98, representing a 5.70% improvement. Similarly,
the ProDA baseline shows an ECE of 4.13, which decreases to 3.94 with the penalty-based version
(ProDA + CMP), reflecting a 4.60% reduction.

Notably, MaPLe demonstrates the highest improvement, with ECE decreasing from 3.19 to 2.88,
corresponding to a 9.70% reduction, highlighting the strong impact of CMP for this specific prompt
learning method. In the case of KgCoOp, integrating CMP (KgCoOp + CMP) reduces ECE from
4.24 to 4.07, marking a 4.00% improvement.

These results clearly demonstrate the effectiveness of CMP in mitigating overconfidence in predictions.
The consistent reductions in ECE, ranging from a minimum of 4.00% to a maximum of 9.70%,
underline the robustness of CMP in enhancing calibration across diverse prompt learning approaches.

CMP integration enhances calibration in domain generalization. To evaluate the calibration
performance of CMP integration, we analyze the ECE across domain generalization datasets. The
results are reported in Table[2] We discuss the improvement in ECE for each prompt learning method
while focusing on source and target domain. It is observed in Table [2] CoOp achieve an average
ECE of 8.01 reflecting significant calibration error. By incorporating our penalty to this method the
average ECE is reduced to 7.32 representing 8.56% improvement. The ECE improvement shows the
effective mitigation of overconfidence in CoOp method, particularly in domain generalizing setting.
The reported ECE for CoCoOp without CMP is 6.83, while penalized CoCoOp ECE is reduced to
6.15, yielding 9.8% improvement in calibration error under challenging target domain.

ProDA baseline achieves 8.10% ECE on average, with penalty integration ECE reduced to 7.32
which is 9.60% improvement. The baseline method MaPLe shows an average of 6.48 ECE, which is
reduced to 5.25 by integration of our penalty, marking on average 19.0% performance improvement.
KgCoOp shows an average ECE of 7.38 as baseline, while penalty based KgCoOp reports 6.92
corresponding 6.20% reduction in ECE.

From the results given in Table 2] CMP consistently improves in ECE across domain generalization
datasets with improvement within range (6.20% - 19.0%). The results confirms the effectiveness of
CMP in mitigating overconfidence under challenging scenarios of domain generalization settings.

CMP improvement against benchmarks. CMP calibration performance evaluation results in
comparison with benchmarking method CLIPCalib, C-tpt, B-PEFT and CLIP (baseline) for vision
datasets and domain generalization datasets are given in Table [3|and Table []respectively.

In Table[3] it can be observed that CLIPCMP achieves an average ECE of 3.31 significantly improving
upon the baseline average ECE i.e 4.49% and 2.20% improvement over benchmark CLIPCalib. The
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calibration improvement is notable on various datasets like Flowers102 (3.76 to 3.29), EuroSAT (3.42
to 3.17), and Aircraft (3.44 to 3.19), where CMP excels in resolving overconfidence. The results are
clearly in favor of our method, indicating the importance of CMP integration into CLIP framework
leads to better-calibrated models. The consistent reduction in ECE across datasets demonstrates the
robustness of our method.

Tabled] denotes results of CMP calibration results in comparison with CLIP (baseline) and CLIPCalib,
C-tpt, B-PEFT benchmark on domain generalization datasets.

The average calibration error reduces from 5.01 to 4.71 when penalty is plugged-in into CLIP
framework, showing an improvement of 5.94% as compared to baseline while 2.79% over the
baseline in challenging datasets. We have noticed that our method consistently outperform the
benchmark across domain generalization datasets. We have also reported the result for CMP by
changing the backbone of CLIP which are given in appendix [C|

Tuning strength of CMP.The regularization strength A is chosen via model selection using line
search. Models are evaluated against ECE as the metric, as shown in appendix, Table[9] We report
ECE results within range (0.001 - 0.950). We have noticed that ECE score is better for a value of
lambda (A = 0.01). All of our experiment results are reported with same value of A. It is notable
that small regularization such as this amount is sufficient to enable model confidences to realign
themselves with the annotated classification objective. More detail results can be found in Table[9]

6 CONCLUSIONS

In this work, we introduced confidence misalignment penalty, for mitigating the overconfidence in
foundation models when adapted for downstream vision tasks. This penalty serve as regulariser
and can be plugged-in to any foundation model. We shows that current foundation models are
exposed to overconfidence when adapted for downstream tasks like in zero-shot settings. We explored
the effectiveness of our method by extensive experiments across 11 vision datasets and 5 domain
generalization dataset, with 6 prompt learning baselines and one benchmarking method. We have
also provide theoretical guarantees for the effectiveness of our method. Our method consistently
outperformed in almost all vision and domain generalization datasets. Our regulariser work as plugged-
in irrespective of any foundational architecture. It play a vital role for alignment of foundation models,
where the behavior of foundation models deviates from its objective, or expectation of users, or
society.
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A APPENDIX

B THEORETICAL GUARANTEES

Proposition B.1.
CMP <1,

thereby bounding the confidence by redistributing the probability mass from overconfident incorrect
predictions to the correct prediction.

Proof. Let P(z,y) = «220@9) _ ¢ softmax probability for correct pair. By def. of CMP:

Yk exp(s(zyr))
CMP = P(l’,y) _
Ey’#y,P(x,y’bP(z,y) P(l’a y')
Since:
P(xay/) S 1 V_], and Zp(x,y/) — 1,
J
It follows:

Y. Py) =Py

P(z,y")>P(z,y)

Thus, we have:
CMP < 1.

Equality holds if and only if:
Plx,y)= >,  Play),

P(z,y")>P(z,y)

This condition implies:

P(z,y') = > P(zy) = CMP=1
P(z,y")>P(z,y)

This completes the proof. O

The introduced penalty works dynamically by penalizing misclassified pairs only and leaving the
correct one.

Proposition B.2. The CMP penalty for correctly classified pairs is Leyp(x,y’) & 0, while for
misclassified pairs, Lcyp(x,y’) > 0.

Proof. By the definition of CMP:

r 1 o P(xi,y:)
CMP = —— .
N i=1 Ey’iyi,P(mi,y’bP(zi,yi) P(zi,y') +e

For correctly classified pairs, where:
P(z,y) > P(z,y') Yy #y,

the conditional summation in the denominator becomes:

Z P(x,y') =0.

P(z,y")>P(z,y)

Adding € > 0 to the denominator prevents division by zero, ensuring:

Lemp(z,y') &= 0 for correctly classified pairs.
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For misclassified pairs:
Pa,y') > Px,y') 3y #v),
the conditional summation in the denominator is positive:
> Play)>0,
P(z,y")>P(z,y)
leading to:
Levp(z,y') > 0.

This completes the proof. O

This results in a significant CMP penalty, as it redistributes the confidence from overconfident
incorrect predictions.

Proposition B.3. The gradient of the CMP loss Lcyp with respect to logits is bounded and ensures
stable optimization.

Proof. The CMP loss Lcwp for a batch of size IV is defined as:

1 P(xi, ;)

Levp = — .
N i=1 Zy’aéyuP(wuy’)>P(xi,yi) Plai,y') +e

The gradient of Lcmp with respect to s(x;, y;) (the similarity score for the correct pair) is:
OLcvp A OP(z4,y:) > P(asy)> Plaiys) (@i y') +0 = Plxi, y;)
Os(zi,y)) N Os(xi,y; 2
( ) ( ) (EP(Imy’)>P(mz‘,yi) P(zi,y') + 5)

Since P(z;,y;) < 1, the gradient is bounded. The term § > 0 here refers to the infinitesimal
step size. Furthermore, the gradient decays smoothly as the gap increases between P(x;,y;) and
2 P(as.y')> Plaiy) P (@i, y'), ensuring numerical stability.

Thus, this proves that the CMP loss is bounded and ensures gradient stability. O

Proposition B.4. Suppose the CMP model is defined with ¢ > 0 so that 0 < CMP(s(z,y)) < 1
Sor all scores s(x,y), and assume the parameter domain © is such that the gradient norms of the
component losses are uniformly bounded on ©. That is, there exist finite constants G., Goyp < 00
with

sup [VoLe@)]| < ey sup [VoLonp(8)]] < Gonp.

IC) 90

Then the combined loss Lana(0) = L:(0) + ALcomp (0) satisfies
Ltina(0) >0 forallf € O, and sup ||VoLena1(0)|| < Ge + AGemp < 00.
6eo

Consequently, under these assumptions the gradient norm of the final loss is uniformly bounded over

©.

Proof. First, nonnegativity: £.(6) > 0 by definition (e.g., cross-entropy/contrastive terms), and
since 0 < CMP < 1 with e > 0 we have Lcyp(0) = —log(CMP(s(x,y)) + €) > 0. Hence
£ﬁnal(9) > 0.

For the gradient bound, apply the triangle inequality and the uniform bounds: for any 6 € O,
Vo Lanal(0)[| = [[VoLe(0) + AVoLonp (0) ||
< [[VoLe(@O)| + Al[VoLomp (0)]| < Ge + AGemp.
Taking the supremum over © yields the stated bound, finishing the proof. O
Remark. The given proposition provides uniform boundedness of the objective and its gradient

on O, which helps to prevent gradient explosion in practice. It does not guarantee convergence of
optimization iterates.
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B.1 RELATION TO PERPLEXITY

Perplexity is used as quantitative measure to evaluate the uncertainty of probabilistic model, particular
in language models and generative models Jelinek et al.|(1977); [Kong et al.|(2024). Mathematically,
it is defined as:

N
1
Perplexity = exp (N Zl log P(y; | 9:1)>
The higher perplexity indicates that model is uncertainty and confusion level is high while the lower
perplexity indicates model is confident and accurate in prediction. In foundation model like CLIP,
Flamingo and ALIGN, perplexity is used to measure how well a model generalizes across domain
reliably Meister & Cotterell| (2021)).

Perplexity is isotropic and does not taken into account between entities such as classes. High
perplexity results in a higher entropy logit distribution. CMP results in similar effects, while
persevering class relationships.

B.2 RELATION TO CONFIDENCE CALIBRATION IN DEEP MODELS

In this section, we discuss the overconfidence problem which occurs in deep learning model during
classification.
Softmax classifier and training Objective

The classifier is a multinomial logistic or softmax linear classifier, which outputs probabilities for
each class as:

exp(s(z,yi))
k b
> =1 exp(s(z,y))
where s(z,y;) = x1 0 is the logit score for class i, parameterized by 6. Training involves estimating

f by minimizing the expected Kullback-Leibler (KL) divergence between the predicted logits and the
true label distribution P(y;).

P(yi|z;0) =

Using the relationship between KL-Divergence, entropy H (p), and cross-entropy H (p, q), i.e.,

H(p,q) = DxL(pllq) + H(p),

and noting that the label distribution P(y(x)) remains fixed during training, the optimization problem
reduces to minimizing the expected cross-entropy:

H(P(y), Pyl 0) = = 3 Ply(x)) g Plyl;6).

This is the standard cross-entropy loss used for training deep models.
Overconfidence in softmax predictions

Let ' be the true label and ) the predicted label. By definition, the predicted label is the class with
the highest softmax probability:
§ = arg max P(y;|x;0).
Yi

If § # 3/, then:

P(glz;0) > P(y'|2;0).

This follows directly from the definition of ¢ as the class with the maximum probability. For
misclassified examples, there may exist multiple incorrect classes {y; : P(y;|x;0) > P(y'|x;0)}.
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These classes collectively "steal" probability mass from the correct class %/, as the softmax function
ensures that the total probability mass sums to 1:

k
> P(yila;60) = 1.
i=1
Thus, if P(y;|z;6) > P(y’|x; 0) for some y;, the probability mass assigned to 3/’ is reduced.

Theorem B.1. A softmax-based classifier trained with objective by minimizing the cross-entropy,
the posterior distribution P(y|x;0) estimation is biased towards low-entropy solutions due to the
variational inference (VI) framework. This leads to overconfident prediction as probability mass
being concentrated in a few dominant classes, particularly in misclassification scenario.

Proof. The softmax-based classifiers models the probability of a class for given input z as:

exp(s(z, ¥i))

Yr_yexp(s(x,y)

The logit score for class y; is s(x, ;) = 27 6;. The objective is to minimize expected cross-entropy
between the true label distribution P(y) and the predicted softmax probabilities:

H(P(y), P(ylz,0)) = —Ep(y) [log P(y|z;0)].

While P(y) is fixed, it is equivalent to maximum likelihood estimation (MLE). Since MLE maximizes
P(y'|x; 6), the learned logits satisfy:

s(z,y) > s(z,y'), Vi#y.
As a result, the softmax probabilities become highly peaked:
P(ylz;0) ~ 1, P(y|z;0) =0, Vj#y'

P(yilz;0) =

This leads to a low-entropy posterior:

k
H(P(y|a;60)) = =Y Plys|x; 0) log P(yi|x; 6).

i=1

As P(y|x;0) — 1, the entropy H(P(y|z;6)) — 0, confirming that the softmax output becomes
overly confident.

Let’s assume, § = arg max,, P(y;|z;0) is the predicted label by classifier. If classifier misclassifies,
then:
P(jx; 0) > P(y'|x; 0).

By def. of softmax constraint:
k
> P(yilz;0) =1,
i=1

the probability mass assigned to true label y’ is stolen by incorrect predictions i.e y; where
P(y;|x;0) > P(y'|z; 6), which leads to overconfident yet incorrect classification. O

C EXPERIMENTS AND RESULTS

In this section, we provide more detail discussion about experiements implementation detail and
results.

C.1 IMPLEMENTATION DETAIL

Prompt learning baselines. In prompting baseline of our paper we run the baseline publicly available
at their GitHub. We run the code as is, except for integrating penalty and then conduct the experiment.
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C.2 REPRODUCIBILITY

We release code, pre-trained prompts, and evaluation scripts at given anonymous link cmp. to
facilitate full reproducibility of results.

Benchmarks. To check the effectiveness of CMP in domain generalization settings, we implement
CMP integration into CLIP with ResNet-50 backbone while the results for CLIPCalib are reproduced
using their publicly available code. We then performed evaluation on domain generalization datasets
with A =0.01.

Machine Specification. We performed all of our experiment on RTX 5090 with 32 GB GPU memory
and 128GB system memory.

C.3 RESULTS

CMP performance in comparison with CLIPCalib with (ResNet-50) are presented in Table[5} It has
been observed that CLIP baseline achieve moderate calibration with an average ECE of 7.8 in domain
generalizations datasets. However it performs well in dataset Real (ECE 0.98) but poorly calibrated
results on Sketch and Art (3.17 and 2.13).

CLIPCalib shows an average ECE of (8.86) in comparison to CLIP, which indicates inconsistency
in calibration improvement across datasets. However, its calibration is better on Imagenet-R and
Imagenet-V2 but it shows poor performance on Sketch and Art (i.e 7.12 and 23.7).

Our method CLIPCMP shows better performance by achieving lowest average ECE 7.32. CMP
surpasses on both baseline and benchmark on the Real (R), Sketch (S), and Art (A) datasets (0.94,
6.92, and 18.9, respectively). These results indicates that CMP effectively improves in calibration in
challenging domain generalization setting.

Table 5: CMP performance results in comparison with CLIPCalib with (ResNet-50) as backbone for
domain generalisation.

target domain
Method source R S A V2  Avg
CLIP 592 559 333 216 515 406
ACC CLIPCalib 623 513 288 174 513 372
C-tpt 61.8 521 296 179 518 379
B-PEFT 61.5 51.7 292 176 515 375
CLIPCMP 579 488 269 187 49.6 36.0
CLIP 257 098 317 213 325 7.8
CLIPCalib 237 1.81 7.12 237 180 8.86
ECE C-tpt 242 145 685 221 1.75 851
B-PEFT 240 163 698 229 1.78 874
CLIPCMP 364 094 692 189 253 7.32

C.4 CMP STANDALONE CONTRIBUTION

To isolate CMP’s effect, we compare standard CLIP fine-tuning with and without CMP on ImageNet
(8-shot, ViT-B/16). Table[I0]shows CMP alone improves accuracy by 1.8% while reducing calibration
errors by 19.7% (ECE) and 36.0% (MCE), demonstrating its intrinsic value beyond prompt learning
integration.

All hyperparameters remained identical between both setups. The consistent improvements across
metrics confirm CMP’s standalone efficacy.
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Table 6: Calibration performance of CMP across few-shot settings (1/2/4-shot). Bold values represent
significant performance. In the left column Acc 1 demonstrates larger value is significant. In the right
column ECE | shows smaller value is significant.

Method Acc(T) ACE({) MCE({) ECEQl)
0-shot
All methods 72.7 3.51 0.89 3.47
1-Shot
CLIP 72.7 3.51 0.89 3.47
CoOp 78.5 3.45 1.21 3.32
CoOp + CMP 79.1 3.18 1.05 3.09
CoCoOp 74.2 3.72 0.98 3.65
CoCoOp + CMP 73.8 3.68 0.94 3.61
ProDA 78.9 4.35 1.38 421
ProDA + CMP 79.5 4.02 1.32 3.95
MaPLe 78.2 4.71 1.52 3.25
MaPLe + CMP 79.8 4.15 1.28 2.95
KgCoOp 75.6 4.69 1.14 4.31
KgCoOp + CMP 76.1 4.35 1.02 4.12
2-Shot
CLIP 73.1 3.48 0.87 3.42
CoOp 79.2 3.32 1.12 3.18
CoOp + CMP 80.0 3.05 0.98 2.95
CoCoOp 75.1 3.61 0.92 3.52
CoCoOp + CMP 75.8 3.48 0.88 3.38
ProDA 79.7 422 1.29 4.05
ProDA + CMP 80.3 3.88 1.24 3.78
MaPLe 79.0 4.58 1.43 3.12
MaPLe + CMP 80.7 3.98 1.21 2.81
KgCoOp 76.5 4.55 1.08 4.15
KgCoOp + CMP 77.3 4.22 0.97 3.95
4-Shot
CLIP 73.5 3.45 0.85 3.38
CoOp 80.1 3.21 1.03 3.05
CoOp + CMP 81.2 2.94 0.91 2.82
CoCoOp 76.3 3.52 0.87 3.41
CoCoOp + CMP 77.1 3.38 0.82 3.25
ProDA 80.5 4.11 1.21 3.92
ProDA + CMP 81.4 3.75 1.15 3.62
MaPLe 80.2 4.42 1.35 2.98
MaPLe + CMP 81.9 3.82 1.12 2.65
KgCoOp 77.8 4.42 1.02 4.02
KgCoOp + CMP 78.9 4.08 0.93 3.81
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Table 7: Comparison of CMP when combined with prompt learning methods across few-shot settings.
Bold values represent significant performance. In the left column Acc 1 demonstrates larger value is
significant. In the right column ECE | shows smaller value is significant.

Acc (D) ECE ()
Method source target source target
ImageNet R S A V2 Avg ImageNet R S A V2  Avg
0-Shot
All methods 65.8 70.5 47.1 48.8 615 572 1.94 412 498 792 3.01 501
1-Shot
CLIP 65.8 705 471 488 615 572 1.94 412 498 792 301 5.01
CoOp 67.5 713 465 485 629 573 1.72 782 146 7.12 3.18 8.08
CoOp + CMP 68.2 721 469 49.1 635 579 1.65 715 138 6.65 245 7.42
CoCoOp 68.3 729 482 503 632 587 1.38 722 13.1 568 298 727
CoCoOp + CMP 69.2 74.1 487 512 639 595 1.45 695 122 505 215 6.56
ProDA 66.8 69.5 519 524 642 595 1.65 785 148 725 328 833
ProDA + CMP 65.7 67.8 515 515 645 588 1.58 645 14.0 7.35 3.05 7.68
MaPLe 69.9 70.8 525 484 629 587 1.78 405 625 141 228 692
MaPLe + CMP 68.3 71.2 531 505 635 59.6 1.85 3.05 4.65 132 218 5.83
KgCoOp 71.2 70.8 482 488 62.1 575 278 442 792 146 402 795
KgCoOp + CMP 70.5 721 475 499 633 582 2.95 435 745 13.8 335 7.38
2-Shot
CLIP 65.8 705 47.1 488 615 572 1.94 412 498 792 301 5.01
CoOp 68.3 72.1 46.8 492 638 58.0 1.58 7.65 143 6.85 3.05 7.96
CoOp + CMP 69.1 729 472 498 645 58.6 1.61 7.02 135 642 225 7.30
CoCoOp 69.2 73.8 49.1 512 641 59.6 1.25 7.05 128 545 285 7.05
CoCoOp + CMP 70.1 753 498 52.1 648 60.5 1.42 688 119 485 195 6.27
ProDA 67.9 702 528 53.1 651 60.3 1.52 7.68 145 705 3.15 8.10
ProDA + CMP 66.5 68.5 523 522 653 59.6 1.55 6.25 138 7.12 285 17.51
MaPLe 70.8 715 532 49.1 638 594 1.65 385 595 138 215 644
MaPLe + CMP 69.1 720 538 512 643 60.3 1.72 275 435 128 205 548
KgCoOp 72.1 715 489 495 629 582 2.65 425 1765 143 385 751
KgCoOp + CMP 71.3 72.8 482 50.8 64.1 59.0 2.85 418 725 13.6 3.15 7.05
4-Shot
CLIP 65.8 705 47.1 48.8 615 572 1.94 412 498 792 301 5.01
CoOp 69.8 735 475 50.1 652 59.1 1.45 725 138 635 285 7.34
CoOp + CMP 70.9 742 481 50.8 66.1 59.8 1.38 6.55 129 592 205 6.76
CoCoOp 70.5 75.1 502 525 658 61.0 1.15 675 12.1 495 255 648
CoCoOp + CMP 71.8 76.5 509 532 665 61.7 1.25 635 112 435 175 598
ProDA 69.2 715 535 542 668 61.5 1.38 725 141 655 295 7.65
ProDA + CMP 67.8 69.8 53.0 535 672 60.9 1.42 585 132 6.65 2.65 7.15
MaPLe 71.5 728 541 502 652 60.6 1.52 355 545 132 195 593
MaPLe + CMP 70.2 73.5 548 525 659 61.7 1.58 245 395 121 185 5.19
KgCoOp 73.5 72.8 498 50.5 642 593 2.45 405 725 138 355 7.02

KgCoOp + CMP 72.8 742 49.2 518 65.5 60.2 2.65 395 685 131 3.05 6.72
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Table 8: Calibration performance of CMP in comparison with all other prompt learning methods
across individual datasets for different methods. The last column shows the average across all datasets
for each method. (]) Represents that smaller values are better. (1) represents the larger values are
better. Bold values indicate the best results.

Metric Method Flowers102 Cars ImageNet DTD SUN397 EuroSAT Pets UCF101 Foodl01 Aircraft Caltech101 Avg.
CLIP 3.57 3.46 3.68 3.42 3.76 352 3.46 3.44 3.62 3.68 342 347
CoOp 3.08 335 3.24 3.06 2.96 3.36 3.38 3.24 3.02 3.06 3.08 3.16
CoOp + (CMP) 2.94 3.02 3.08 2.84 3.16 3.06 3.16 3.08 2.96 2.92 3.06 2.98
CoCoOp 4.18 4.26 4.06 4.36 4.14 4.04 4.34 4.24 4.06 4.16 4.10 3.97
ECE (]) CoCoOp + (CMP) 422 4.28 4.38 422 4.38 4.28 4.28 432 424 442 4.22 4.07
ProDA 422 4.32 4.38 4.46 4.16 4.26 4.44 4.34 4.42 4.48 4.36 4.13
ProDA + (CMP) 4.04 4.08 4.06 4.22 4.08 3.98 4.16 4.12 4.08 4.14 4.10 3.94
MaPLe 3.24 3.16 3.36 3.12 3.24 3.32 342 334 3.14 3.28 3.16 3.19
MaPLe + (CMP) 2.92 3.04 3.06 2.84 3.06 3.12 3.18 3.14 2.92 3.04 3.02 2.88
KgCoOp 4.36 4.42 4.22 4.54 4.26 4.24 4.42 4.34 4.46 4.34 4.38 4.24
KgCoOp + (CMP) 4.12 4.24 4.02 4.32 4.14 4.06 4.18 4.16 4.22 4.08 4.20 4.07
CLIP 3.54 3.44 3.58 3.46 3.74 3.62 342 3.56 3.62 3.66 3.54 351
CoOp 3.18 3.34 3.38 3.16 3.28 3.24 3.34 3.26 3.28 3.36 3.30 3.28
CoOp + (CMP) 3.02 3.12 3.16 2.94 3.14 3.06 3.12 3.02 3.08 3.02 3.08 3.01
CoCoOp 3.84 3.74 3.96 3.84 3.94 3.78 3.92 3.86 3.94 3.84 3.82 3.65
ACE (})  CoCoOp + (CMP) 4.06 4.14 4.18 4.02 4.12 4.14 4.12 4.16 4.16 4.08 4.10 3.71
ProDA 4.26 4.44 4.48 4.42 4.52 4.48 4.52 4.38 4.46 4.58 4.54 4.29
ProDA + (CMP) 4.16 4.22 4.06 4.28 4.18 4.14 4.26 4.16 422 4.26 4.24 3.86
MaPLe 4.64 4.56 4.74 4.66 4.66 4.58 4.72 4.62 4.74 4.76 4.72 4.63
MaPLe + (CMP) 4.04 4.06 4.14 3.96 4.04 4.18 4.06 4.08 4.02 4.04 4.08 4.01
KgCoOp 4.54 4.64 4.44 4.74 4.46 4.48 4.64 4.52 4.52 4.62 4.56 4.61
KgCoOp + (CMP) 4.16 4.26 4.36 4.24 4.26 4.16 4.18 4.28 4.18 4.16 4.28 4.11
CLIP 0.93 0.86 0.92 0.91 0.89 0.92 0.89 091 0.92 0.93 0.87 0.89
CoOp 1.13 1.08 1.12 1.14 1.12 1.14 1.13 1.10 1.09 1.13 1.15 1.16
CoOp + (CMP) 0.99 0.98 0.96 1.00 1.03 0.97 0.98 0.97 1.01 1.00 0.99 0.98
CoCoOp 0.95 0.91 0.93 0.95 0.92 0.95 0.96 0.94 0.97 0.94 0.95 0.92
MCE () CoCoOp + (CMP) 1.06 1.02 1.05 1.07 1.06 1.02 1.03 1.04 1.05 1.06 1.04 1.03
ProDA 1.32 1.31 1.28 1.34 1.30 1.32 1.33 131 1.28 1.29 1.32 1.33
ProDA + (CMP) 1.46 141 1.45 1.48 1.42 1.46 1.44 145 1.42 143 1.44 1.49
MaPLe 1.52 1.49 1.46 1.47 1.48 1.47 1.48 1.51 1.50 1.47 1.50 1.49
MaPLe + (CMP) 1.22 1.16 1.21 1.17 1.22 1.25 1.18 1.19 1.24 1.20 1.22 1.21
KgCoOp 1.22 1.09 1.29 1.18 1.12 1.18 1.12 1.21 1.28 1.13 1.22 1.09
KgCoOp + (CMP) 1.01 0.89 1.08 1.02 0.91 1.01 1.02 1.12 0.92 1.01 1.00 0.97
CLIP 71.9 727 724 723 722 72.6 T2.4 72.5 723 724 723 72.7
CoOp 83.3 83.1 834 83.2 83.3 83.1 83.0 83.5 83.4 83.2 83.3 83.2
CoOp + (CMP) 84.2 84.3 84.1 84.0 84.1 84.0 84.2 84.3 84.0 84.1 84.2 84.1
CoCoOp 73.7 73.6 73.6 73.8 73.5 73.9 73.6 73.7 73.9 73.6 73.8 73.8
Acce (1) CoCoOp + (CMP) 722 72.0 72.5 72.3 724 72.1 722 72.3 724 72.3 721 722
ProDA 83.4 83.5 83.3 83.6 83.2 83.6 83.5 83.6 83.5 83.5 834 83.4
ProDA + (CMP) 84.3 842 84.1 84.5 84.4 84.3 842 84.1 84.5 84.4 84.3 84.2
MaPLe 83.0 82.9 82.8 83.1 83.2 82.9 83.1 83.0 82.9 83.1 82.8 82.9
MaPLe + (CMP) 84.6 84.5 84.7 84.8 84.6 84.5 84.6 84.6 84.8 84.6 84.7 84.6
KgCoOp 74.8 75.4 75.3 75.2 75.1 75.2 75.3 753 75.4 75.2 75.1 752
KgCoOp + (CMP) 76.3 76.0 76.1 76.4 76.2 76.2 76.4 76.3 76.2 76.1 76.3 76.3

Table 9: CMP \ strength.

Methods
Avalue CLIP CoOP + (CMP) CoCoOp + (CMP) ProDA + (CMP) MaPLe + (CMP) KgCoOp + (CMP)
0.001 3.74 3.11 4.69 4.51 3.09 4.57
0.010 3.57 2.94 4.22 4.04 2.92 4.12
ECE () 0.050 4.02 3.39 4.67 4.49 3.34 4.57
0.100  5.88 5.25 6.53 6.35 5.23 6.41
0.500  4.47 3.84 5.12 4.94 3.82 5.00
0950 495 4.32 5.60 5.42 4.30 5.48

Table 10: CMP ablation on ImageNet (ViT-B/16, 8-shot)

Method Accuracy?” ECE| ACE| MCE|]
CLIP (FT only) 82.3 4.12 3.51 1.89
CLIP (FT + CMP) 84.1 3.31 3.01 1.21
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