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Abstract

Fine-tuning vision–language models such as CLIP has
become the mainstream paradigm for multi-label image
recognition, and prompt tuning is widely adopted due to
its lightweight parameter cost and strong transferability.
However, we find that when these methods use Binary
Cross-entropy as the supervision loss, the model’s confi-
dence structure becomes systematically distorted, leading
to pronounced miscalibration. Existing calibration tech-
niques, such as temperature scaling or regularization-based
methods, largely fail in multi-label settings because they
cannot capture inherent semantic dependencies between
classes, nor can they correct the global structural shifts in-
troduced during fine-tuning. To address this issue, we pro-
pose Class-wise Covariance Regularization, which aligns
the predicted covariance structure of class confidences with
the semantic correlations encoded in pretrained text embed-
dings. This alignment preserves the geometric consistency
of the class space throughout fine-tuning, resulting in more
stable and interpretable confidence distributions across cat-
egories. Experiments on multi-label benchmarks show that
CCR significantly reduces calibration errors while main-
taining or even improving recognition performance.

1. Introduction

Vision–Language Models (VLMs), such as CLIP [26], have
emerged as powerful foundations for Multi-Label Image
Recognition (MIR) [19, 46]. In particular, they exhibit
strong performance across MIR sub-tasks, including open-
vocabulary multi-label recognition [28, 30, 48] and long-
tailed multi-label recognition [11, 41]. To further adapt
VLMs to specific multi-label downstream tasks, a vari-
ety of parameter-efficient fine-tuning techniques have been
proposed, such as multi-label prompt tuning [12, 29, 39]
as well as prompt-tuning methods that incorporate adapter
mechanisms [8, 34].
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Figure 1. Paired image (x) and text (t) embeddings from MS-
COCO visualized via SVD. Base classes are those seen during
fine-tuning, whereas new classes are unseen. Fine-tuning CLIP
induces a larger text–modality gap between classes.

Among these fine-tuning strategies [8, 12, 39], we ob-
serve that most methods designed for multi-label data have
gradually moved away from the traditional Binary Cross-
Entropy (BCE) loss, and instead predominantly adopt
Ranking loss [45] as their optimization objective. How-
ever, evidence from traditional deep neural network models
designed specifically for multi-label learning suggests that
binary cross-entropy loss and its variants are often com-
paratively more effective objectives [2, 36, 47]. This ob-
servation naturally leads to a key question: What makes
BCE unsuitable for multi-label CLIP fine-tuning, and
why does this limitation motivate the widespread adop-
tion of Ranking-based objectives? Prior studies attribute
this phenomenon to the semantic gap between the vision
and language modalities. As noted in [12], “Although BCE
loss and its variants (e.g., Asymmetric loss [27]) perform
strongly in conventional deep neural network models and
are typically paired with a sigmoid function to map out-
puts into probabilities, directly optimizing probabilities in
vision–language models such as CLIP exacerbates the dis-
tribution mismatch between training texts and testing im-
ages. Consequently, Ranking loss is regarded as a more
flexible and suitable supervisory signal under modality dis-
crepancies.” To further examine this claim, we follow the
modality gap analysis framework of [16], feeding paired
image–text samples from MS-COCO into both zero-shot
CLIP and its fine-tuning counterparts, and projecting their
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embeddings into a 2D space using singular value decom-
position (SVD). As shown in Figure 1, images and texts
exhibit a clear “arm length” separation in the shared rep-
resentation space, illustrating a typical modality misalign-
ment. In zero-shot CLIP, embeddings within each modality
remain relatively compact; however, as illustrated in Fig-
ures 1(b) and 1(c), fine-tuning significantly alters the spa-
tial distribution of class text embeddings, with BCE-based
tuning inducing a far more pronounced structural shift than
ranking-based tuning.

Our work investigates the structural drift in the text
embedding space caused by BCE loss during multi-label
fine-tuning of CLIP. Our study shows that this structural
distortion is tightly linked to the model’s confidence be-
havior: BCE optimization introduces a systematic confi-
dence bias, causing the model to become under-confident
on base classes while becoming markedly over-confident
on novel ones. Further examining the frequency structure
within base classes, we find that head classes are more
prone to under-confidence, whereas tail classes tend to ex-
hibit over-confidence. This imbalance in predicted confi-
dence fundamentally undermines the generalization abil-
ity of the fine-tuned model in MIR tasks. In addition, we
find that this drift manifests differently when using a Rank-
ing loss versus a BCE loss. Therefore, effective calibra-
tion of confidence predictions in multi-label settings be-
comes particularly crucial. Although numerous temperature
scaling–based [7, 44] and regularization-based calibration
[37, 38, 43] approaches have shown strong effectiveness
in single-label tasks (including binary classification [25],
multi-class classification [10], and open-vocabulary recog-
nition [38]). However, our experiments reveal that these
methods often fail to correct the global confidence bias in-
troduced during fine-tuning: they cannot simultaneously
calibrate both head and tail labels, nor can they balance the
calibration trade-off between base and novel classes under
open-vocabulary settings. To address this issue, we propose
Class-wise Covariance Regularization (CCR). CCR aligns
the predicted class-wise covariance structure with semantic
correlations derived from the text embedding space, thereby
preserving semantic topology stability during model opti-
mization. This regularization stabilizes confidence across
categories and significantly improves both calibration and
overall performance. Moreover, CCR provides a unified and
interpretable structural perspective for confidence modeling
in multi-label vision–language learning.Our main contribu-
tions are summarized as follows:

• We demonstrate through systematic analysis that the in-
dependence assumption of BCE overlooks semantic cor-
relations among classes, thereby disrupting the structural
consistency of the text embedding space.

• We propose Class-wise Covariance Regularization, a
structural calibration method that preserves class-space

geometry by aligning predicted confidence covariance
with textual semantic correlations.

• We demonstrate the effectiveness of CCR on multiple
multi-label benchmarks, showing that it mitigates both
over- and under-confidence, achieving more balanced cal-
ibration and stronger generalization.

2. Related Work
2.1. CLIP
CLIP is a vision-language model that aligns images and
texts in a shared embedding space [26]. In Multi-label Im-
age Recognition (MIR) task, CLIP encodes an image x and
a class-related text tc through its image and text encoders
fimg and ftext [13, 20, 23]. The logit for class c is computed
as:

zc = τ · sim(fimg(x), ftext(tc)), (1)

where tc is a prompt such as “a photo of a class {c}”, and
τ is a scaling factor. For prediction, each class is treated
independently by applying a sigmoid activation:

p(c|x) = σ(zc) =
1

1 + exp(−zc)
(2)

where p(c|x) denotes the probability confidence that image
x is associated with class c. Final predictions are obtained
by applying per-class thresholds [1] or selecting top-k con-
fident class labels [3, 42].

2.2. Prompt Tuning
Prompt tuning is a parameter-efficient adaptation strategy
that updates only a small set of learnable prompts, allow-
ing downstream tasks to benefit from the rich representa-
tions of large vision–language models without full-model
fine-tuning [9, 15, 35]. For example, in CLIP-based prompt
tuning, CoOp [50] learns soft prompts by minimizing the
classification loss, while CoCoOp [49] further conditions
the prompts on image features to improve generalization to
unseen classes. CLIP-based prompt tuning methods have
achieved excellent performance in MIR tasks. For example,
TaI-DPT [12] extracts both coarse-grained and fine-grained
embeddings by treating textual descriptions as visual inputs
within a prompt tuning framework. T2I-PAL [8] introduces
a dual-path framework which couples prompt tuning and
a shared adapter, enabling the model to jointly leverage
CLIP’s pre-trained knowledge and learn task-specific fea-
tures, with a tunable fusion mechanism to bridge the modal-
ity gap.

2.3. CLIP Calibration
A well-calibrated model aligns its predicted confidence
with the actual accuracy. The Expected Calibra-
tion Error (ECE) [10] quantifies calibration performance
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by partitioning N predictions into K confidence bins
{B1, B2, . . . , BK} and computing:

ECE =

K∑
k=1

|Bk|
N

|acc(Bk)− conf(Bk)| , (3)

where acc(Bk) and conf(Bk) denote the average accuracy
and confidence within bin Bk, respectively. While CLIP
demonstrates strong calibration properties under zero-shot
inference, existing work shows that fine-tuning can intro-
duce substantial calibration shifts [10, 22]. To mitigate
these issues, Distance-Aware Calibration (DAC) [38] ad-
justs logits using text-dependent bias, and Dynamic Outlier
Regularization (DOR) [37] addresses the overconfidence
and underconfidence behaviors introduced by prompt-based
fine-tuning. Further details are provided in Appendix A.
However, existing research on CLIP calibration remains
largely confined to single-label classification tasks [31, 32,
44], while its calibration in multi-label settings has yet
to be systematically explored. The few methods specif-
ically designed for MIR, such as DCLR [4], are primar-
ily proposed to mitigate over-confidence. As CLIP be-
comes the mainstream framework for MIR tasks [18, 21]
and open-vocabulary multi-label recognition emerges as a
more prevalent task, the calibration behavior of CLIP in
such scenarios remains poorly understood.

3. Motivation and Analysis
Why does CLIP fine-tuned with BCE loss underperform in
multi-label scenarios? We hypothesize that the fine-tuning
process disrupts CLIP’s original semantic structure, causing
systematic miscalibration in confidence scores. To investi-
gate this issue, we conduct a comprehensive empirical study
using the OpenAI pre-trained ViT-B/16 model [26] on the
MS-COCO dataset. Our analysis examines confidence dis-
tributions from a class-level perspective, focusing on how
confidence varies across head classes, tail classes, and new
classes. Our experiments include the zero-shot CLIP base-
line and three representative fine-tuning paradigms: the
classical prompt-tuning approach CoOp [50], the multi-
label–specific method TaI-DPT [12], and the adapter-based
approach T2I-PAL [8], which integrates prompt tuning with
lightweight visual adaptation.

Empirical study on ECE To evaluate the model’s cali-
bration error on each class, we first decompose each multi-
label sample (x, Y ) (where Y denotes the set of relevant
classes) into |Y | independent pairs {(x, yc) : yc ∈ Y }. For
each class c, we compute its ECE based on all associated
sample pairs, following Eq. (3).

Figures 2 present the fine-tuning results based on BCE
loss. Compared with zero-shot CLIP (ZS-CLIP), BCE fine-
tuning induces a systematic shift in confidence: base classes

(a) Head

(b) Tail

(c) New

Figure 2. Expected Calibration Error (lower is better). Miscali-
bration is depicted in orange for underconfidence and purple for
overconfidence.

become under-confident, while new classes become over-
confident. We analyze the reasons as follows: given a sam-
ple x, the BCE loss is

L = − 1

C

C∑
c=1

[
yc log p(c|x) +

(
1− yc

)
log

(
1− p(c|x)

)]
(4)

and its gradients are

∂L
∂zc(x)

= p(c|x)− yc → ∇tcL ∝
(
p(c|x)− yc

)
fimg(x)

(5)
when yc = 0, p(c|x) > 0 forces zc(x) down, and
when yc = 1, p(c|x) − 1 < 0 pulls it up. For base
classes, the dominance of irrelevant samples for each la-
bel during gradient updates creates a global “cooling ef-
fect,” leading to generally conservative predictions. Specif-
ically, head classes experience consistent gradient correc-
tions of p(c|x)− 1 < 0, which progressively suppress their
initially high zero-shot confidence levels, resulting in sig-
nificant under-confidence. In contrast, tail classes, despite
having sparse positive samples, receive strong gradient sig-
nals when updated. Through multi-label feature sharing
mechanisms, their representations become broadly aligned
with high-frequency visual components, ultimately produc-
ing over-confident predictions on many irrelevant samples.
Mathematically, in the gradient expectation E[∂L/∂zc] =
E[p(c|x)|yc = 0] − πc, where πc = Pr(yc = 1) denotes
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the class prior of class c. The small πc values maintain
persistently negative gradients, while sparse positive up-
dates induce excessively generalized matching patterns. For
new classes, the complete absence of supervision signals
(yc ≡ 0) during fine-tuning means their text prompt opti-
mization is driven solely by negative sample gradients.

Unlike probabilistic objective functions, ranking-based
fine-tuning does not explicitly define confidence. The score
zc produced by the model for each class reflects only rel-
ative ordering preferences rather than probabilistic outputs
suitable for calibration evaluation. Consequently, standard
ECE metrics cannot be directly computed for models fine-
tuned with ranking loss. To enable a comparable analysis,
following Appendix B, we construct a form of “pseudo-
confidence” by applying a scaling transformation to the out-
put scores 1. Using this aligned measure, we observe that
ranking-loss fine-tuning leads to a consistent increase in
such pseudo-confidence across head, tail, and new classes.
Therefore, additional analysis from alternative perspectives
is required to obtain a more complete understanding.

Embedding Divergence Given the above observations,
we further investigate how different loss functions in
prompt tuning lead to confidence bias. Since the visual
features remain fixed during prompt tuning, we hypothe-
size that the textual features play a critical role in shaping
confidence calibration. We define a class-aware text Em-
bedding Divergence (ED) metric to quantify the structural
dispersion of class text embeddings after fine-tuning. Let
T = {ftext(tc)}Cc=1 be the set of class text embeddings. The
ED score for class ftext(ti) is given by:

ED(ti) =
1

k

∑
ftext(tj)∈Nk

dist⟨ftext(ti), ftext(tj)⟩ (6)

where Nk denotes the set of k most semantically similar
class embedding to ftext(ti), and dist⟨·, ·⟩ measures the Eu-
clidean distance between two embeddings. A higher ED
value indicates greater local dispersion and weaker seman-
tic compactness. In addition, to assess the impact of the
fine-tuning process on the semantic topology, we define a
Neighborhood rank Preservation (NP) metric. For a class c,
let Rzs(c) = [czs

1 , c
zs
2 , . . . , c

zs
C−1] denote the sequence of all

other classes ranked in descending order of their distance to
c in the zero-shot prompt embedding. Similarly, let Rft(c)
denote the neighborhood rank sequence after fine-tuning.
The top k NP score for class c is defined as:

NP@K(c) =

∣∣Rzs
1:K(c) ∩Rft

1:K(c)
∣∣

k
(7)

where R1:K(c) represents the top k nearest neighbors in the
ranking sequence R(c), and |·| denotes the cardinality of the

1This approach is quite unrigorous; our aim is simply to observe the
changes in relative trends before and after fine-tuning.

set. The global semantic topology preservation is obtained
by averaging over all classes:

NP@K =
1

C

C∑
c=1

NP@K(c) (8)

Figure 3 [a] illustrates the relationship between the Embed-
ding Divergence (ED) scores and model confidence across
base and novel classes under BCE fine-tuning. A clear posi-
tive correlation is observed: models with higher embedding
divergence tend to exhibit stronger prediction confidence.
Under BCE fine-tuning, the text embedding space of base
classes becomes more compact (lower ED), corresponding
to conservative and under-confident predictions. In contrast,
the embedding space of novel classes tends to be more dis-
persed, which aligns with the model’s over-confident be-
havior on those categories. As shown in Figure 3 [b],
ranking-based fine-tuning significantly expands the embed-
ding space (higher ED), making the semantic distribution
of all classes more dispersed and consistent with the pre-
viously observed systematic over-confidence (i.e., uniform
logit elevation at the sample level). These findings indi-
cate that the structural divergence of the text embedding
space reflects the model’s confidence distribution: greater
semantic dispersion in the embedding manifold is gener-
ally associated with stronger over-confidence, whereas a
more compact structure corresponds to conservative predic-
tions. Notably, despite the global expansion introduced by
ranking-based fine-tuning, its semantic neighborhood struc-
ture remains largely preserved. As shown in Figure 3 [c],
the higher NP@K scores suggest that semantically simi-
lar classes in the zero-shot CLIP space remain close af-
ter fine-tuning. This demonstrates that ranking-based fine-
tuning, while enlarging the overall semantic margins be-
tween classes, still maintains a consistent global semantic
topology. Such structural retention helps stabilize inter-
class relationships and explains why Ranking loss based
fine-tuning generally achieves better overall performance
than BCE loss. Therefore, we require a method that con-
strains the relative relationships among class embeddings
from a global, class-level perspective.

4. Class-wise Covariance Regularization
During fine-tuning, our goal is to recover reliable inter-class
semantic relationships, since these structural cues are often
distorted by the BCE loss. A natural way to probe these
relationships is through the model’s confidence structure.
However, positive samples are extremely sparse in multi-
label datasets, making co-occurrence–based estimation un-
reliable and biased toward head classes. This motivates us
to shift perspective. Instead of relying on scarce positive
activations (y=1), we estimate inter-class dependencies by
examining samples in which two classes are simultaneously
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(a) BCE Loss Embedding Divergence and Confidence (b) Ranking Loss Embedding Diver-
gence

(c) Neighbor rank Preservation

Figure 3. Evaluation of ED and NP@K for zero-shot CLIP and multiple prompt-tuning fine-tuned models on the MS-COCO dataset.

inactive (y=0). This yields a crucial advantage: for any class
pair, the amount of negative evidence is orders of magnitude
larger than positive evidence, providing a dense, stable sta-
tistical signal. Conceptually, this reframes the estimation
problem. Rather than asking “ How confidently does the
model believe the image contains class c? ” we instead ask
“ How certain is the model that the image does not con-
tain class c? ” This shared “semantic background” region
of the label space produces robust co-variation patterns that
reflect how the model internally perceives classes. Based
on this insight, we construct a symmetric covariance ma-
trix Cpred, which captures how the model jointly suppresses
or co-activates classes across a mini-batch. Despite being
computed locally at the batch level, this covariance reliably
reflects global structural tendencies because inactive predic-
tions dominate in multi-label settings. Since the predicted
covariance Cpred measures raw confidence co-variation, its
scale is not directly comparable to the text-based seman-
tic similarity Σtext(i, j) = sim⟨ti, tj⟩, which is computed
from the zero-shot CLIP text embeddings. To ensure scale
consistency, we normalize Cpred into a correlation matrix:

C̃pred(i, j) =
Cpred(i, j)√

Cpred(i, i)
√
Cpred(j, j)

(9)

This normalization removes magnitude bias and preserves
only the relational structure among classes, making it di-
rectly comparable to the semantic similarity matrix. Finally,
we align the normalized predicted correlation C̃pred with the
text-derived semantic correlation Σtext through the follow-
ing regularization loss:

Lcov =
∥∥C̃pred −Σtext

∥∥2
F

(10)

This regularization explicitly constrains the relational struc-
ture between any two classes i and j based on their joint in-
active behavior, preserving the semantic geometry encoded
in the CLIP text space. By focusing on the shared “back-
ground” region, it provides a dense and stable signal that
maintains semantic consistency and enhances calibration
robustness. Finally, the proposed Class-wise Covariance
Regularization (CCR) is integrated with the base BCE loss:

L = LBCE + λ · Lcov (11)

where λ is a balancing coefficient that controls the strength
of structural regularization. By explicitly constraining the
label-space covariance, CCR serves as a structural calibra-
tion prior that effectively counteracts the over-cooling effect
in standard BCE fine-tuning.

5. Experiments
5.1. Experimental Setup
Following recent works [10, 37], we conduct evaluations
under two standard benchmark settings: (1) Generalization
from Base to New Classes, where the downstream dataset is
evenly split into base and new classes, the model is trained
exclusively on base classes in a few-shot setting and eval-
uated on both, with primary focus on the harmonic mean
of their performance to investigate whether BCE loss com-
bined with our calibration method outperforms Ranking
loss; and (2) Domain Generalization, where the model un-
dergoes few-shot training on the MS-COCO dataset and is
then evaluated on four COCO-derived test sets encompass-
ing various domain shifts.

Datasets We conduct evaluations on six standard multi-
label benchmark datasets: MS-COCO (General annota-
tions) [17], PASCAL-VOC (General annotations) [33],
NUS-WIDE (General annotations) [6], COCO-LT (Long-
tail) [11], VOC-LT (Long-tail) [41], and Open-Images-V6
(Open-Vocabulary) [14].

Calibration Metrics To comprehensively evaluate confi-
dence reliability, we employ four standard calibration met-
rics: Expected Calibration Error (ECE) [10], Maximum
Calibration Error (MCE) [10], Adaptive Calibration Error
(ACE) [24], and Proximity-Informed Expected Calibration
Error (PIECE) [40]. These metrics respectively measure the
average, worst-case, adaptive, and proximity-aware calibra-
tion performance of the model. We list the details of the
calibration metrics in Appendix C.

Implementation Details For each dataset, we perform
few-shot fine-tuning (16 samples per class) respectively
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Table 1. Average calibration performance across six datasets. “Conf” represents the origin performance on base and new classes with
existing tuning methods. Two calibration methods (DAC, DOR) and our method (CCR) to existing tuning methods, ↓ indicates smaller
values are better. Calibration error (ECE)is given by ×10−2. Bold numbers are significantly superior results.

Method ECE(↓) ACE(↓) MCE(↓) PIECE(↓)

Conf DAC DOR CCR Conf DAC DOR CCR Conf DAC DOR CCR Conf DAC DOR CCR

CoOp 13.25 10.85 9.92 7.35 14.18 10.78 9.85 7.26 3.95 2.95 2.41 1.81 15.12 12.36 10.95 9.42
CoCoOp 6.64 5.75 5.42 5.07 6.56 5.68 5.35 5.02 1.89 1.68 1.59 1.50 8.42 7.88 7.66 7.40
KgCoOp 5.52 4.32 4.25 3.94 4.60 4.43 4.32 4.71 1.37 1.39 1.64 1.22 6.82 6.65 6.60 6.50
DualCoOp 4.53 4.61 4.51 4.57 4.68 4.60 4.58 4.53 1.38 1.25 1.24 1.07 6.82 6.84 6.92 6.78
TaI-DPT 6.02 5.35 5.08 4.76 5.96 5.30 5.02 4.79 1.92 1.70 1.61 1.52 7.84 7.45 7.32 7.13
TaI++ 4.47 4.16 4.05 3.89 4.21 4.52 4.09 3.94 1.32 1.25 1.22 1.19 7.00 6.83 6.78 6.70
T2I-PAL 4.09 3.93 3.88 3.62 4.17 4.00 3.95 3.75 1.37 1.18 1.26 1.04 7.51 6.41 6.39 6.15

Table 2. Average calibration across six datasets. “+CCR” to our method applied to standard tuning methods. ↓ indicates smaller values are
better. Calibration error is given by ×10−2. “HM” denotes the harmonic mean.

Method ECE(↓) ACE(↓) MCE(↓) PIECE(↓)

Base New HM Base New HM Base New HM Base New HM

ZSCLIP 3.58 4.61 4.10 3.62 4.58 4.10 0.97 1.21 1.09 6.35 6.55 6.45

CoOp 6.92 21.58 13.25 6.85 21.51 13.18 1.97 5.93 3.95 7.56 22.68 15.12
+CCR 3.67 11.03 7.35 3.63 10.89 7.26 0.90 2.72 1.81 4.71 14.13 9.42

TaI-DPT 3.01 9.03 6.02 2.98 8.94 5.96 0.96 2.88 1.92 3.92 11.76 7.84
+CCR 2.38 7.14 4.76 2.39 7.19 4.79 0.76 2.28 1.52 3.56 10.70 7.13

T2I-PAL 2.04 6.14 4.09 2.08 6.26 4.17 0.68 2.06 1.37 3.75 11.27 7.51
+CCR 1.81 5.43 3.62 1.87 5.63 3.75 0.52 1.56 1.04 3.07 9.23 6.15

[37]. In the few-shot setting, we adopt five different data
splits to ensure statistical significance of results [18]. All
experiments are conducted using the pre-trained CLIP-ViT-
B/16 model [26], following a unified training strategy and
hyperparameter configuration consistent with [12]. We fine-
tune each model for 10 epochs with a batch size of 32.
We use accuracy (0.5 as the threshold) as the performance
metric because it reflects performance under well-calibrated
conditions. Similarly, we report other metrics such as mAP
in the Appendix D.

Baseline Methods We conduct comprehensive experi-
ments on a range of prompt tuning approaches, including
standard prompt tuning (CoOp [50], CoCoOp [49]), its reg-
ularized extension KgCoOp [43], multi-label specific meth-
ods (DualCoOp [29], TAI-DPT [12], TAI++ [39]), as well
as the adapter tuning model T2I-PAL [8]. Based on existing
fine-tuning methods, we select two state-of-the-art calibra-
tion approaches as comparative baselines: Distance-Aware
Calibration (DAC) [38], which adjusts logits through a text
bias-aware mechanism, and Dynamic Outlier Regulariza-
tion (DOR) [37], which employs a dynamic outlier regular-
ization strategy.

5.2. Results

Our evaluation spans multiple perspective, including cali-
bration performance on base and new classes under open-
vocabulary settings (Table 1-3), base-to-new generalization
(Table 4), robustness under domain shifts (Table 5), and
sensitivity to hyperparameters (Figure 4). Due to space lim-
itations, we report the main results under the 16-shot setting
in the main paper, additional results (different shot) are pro-
vided in Appendix D.

CCR addresses structural miscalibration. As shown in
Table 1, CCR consistently achieves the lowest calibration
errors across the vast majority of prompt-tuning models, a
result that holds for all prompt-tuning methods and all four
evaluation metrics. This consistent superiority, compared
to methods like DAC and DOR which only improve certain
models, demonstrates the strong generalization capability
of our approach. CCR improves not only the average cali-
bration error (ECE) but also the maximum calibration error
(MCE), demonstrating its effectiveness in mitigating severe
overconfidence. The consistent improvements across seven
tuning frameworks further indicate that CCR functions as a
general and robust structural calibration prior, independent
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Table 3. Average ECE (%) of regularization-based methods across six datasets. “Vanilla” denotes the baseline with Ranking Loss. Red
indicates an increase in ECE (worse) after calibration.

Metric CoOp TaI-DPT T2I-PAL

Vanilla +DAC +DOR +CCR Vanilla +DAC +DOR +CCR Vanilla +DAC +DOR +CCR

Head 6.92 5.83 7.45 3.67 2.75 2.52 2.98 2.38 2.04 1.89 2.21 1.81
Medium 5.25 4.91 4.65 3.12 2.95 2.82 2.71 2.51 2.35 2.54 2.42 2.12
Tail 8.37 9.28 6.92 4.89 3.33 3.25 2.99 2.76 2.78 3.12 2.65 2.43
New 21.58 16.42 19.75 11.03 9.03 9.58 8.86 7.14 6.14 5.78 5.87 5.43

Table 4. Average accuracy (%) across six base-to-new datasets. CCR can improve the generalization capacity on unseen classes while
maintaining the performance on base classes. Blue indicates the original domain accuracy.

Class ZSCLIP CoOp CoCoOp KgCoOp DualCoOp TaI-DPT TaI++ T2I-PAL

Vanilla +CCR Vanilla +CCR Vanilla +CCR Vanilla +CCR Vanilla +CCR Vanilla +CCR Vanilla +CCR

Head 80.15 81.23 82.76 79.84 81.95 81.67 81.42 81.92 83.18 82.45 84.07 81.58 83.29 84.91 86.24
Tail 63.83 64.92 64.45 71.36 75.68 72.54 76.91 71.08 74.82 64.27 72.64 72.43 75.86 78.95 81.73
New 72.46 71.15 73.82 75.28 78.43 77.13 79.84 76.04 78.67 73.68 78.25 76.92 79.15 81.86 83.97

of specific prompt-tuning strategies.

CCR achieves a balanced calibration trade-off As
shown in Table 2 and 3, existing regularizers such as DAC
and DOR create trade-offs within base classes, often im-
proving one group (e.g., tail) at the expense of another (e.g.,
head). In contrast, CCR simultaneously improves calibra-
tion across all Head, Medium, and Tail classes. This indi-
cates that CCR captures the intrinsic link between class fre-
quency and calibration difficulty, balancing confidence dis-
tributions via covariance regularization rather than applying
uniform shifts or scalings.

CCR improves generalization on both base and new
classes As shown in Table 4, CCR consistently improves
performance on both base and new classes across all
prompt-tuning methods, resulting in an average 4.8% in-
crease in their harmonic mean. Unlike prior approaches
such as DOR, which often improve new-class accuracy at
the cost of base-class performance, CCR achieves simul-
taneous gains in both settings, demonstrating a more sta-
ble and effective form of generalization. These improve-
ments arise because CCR preserves the semantic geometry
of the text embedding space by aligning the predicted inter-
class covariance with semantic correlations, while simulta-
neously stabilizing class-wise confidence relationships and
preventing the structural drift induced by BCE fine-tuning.
As a result, CCR supports more reliable predictions on
previously unseen classes without compromising accuracy
on base classes, enabling consistently stronger base-to-new
generalization.

CCR exhibits inherent stability across different evalua-
tion distributions Table 5 shows that CCR consistently
reduces calibration error across both source and target dis-
tributions for CoOp and TaI-DPT. For example, CCR low-
ers the ECE of CoOp from 5.10% to 2.92% on the source
domain and yields similar improvements across all COCO-
derived target sets. Importantly, CCR achieves these cal-
ibration gains without sacrificing accuracy; in fact, accu-
racy on both source and target domains improves slightly.
These results indicate that CCR enhances the model’s abil-
ity to maintain reliable confidence estimates when evaluated
on shifted data distributions, while also supporting better
recognition performance.

CCR integrates local supervision with global seman-
tic structures Unlike instance-focused regularizers such
as DAC or outlier-based embedding constraints like DOR,
CCR incorporates a global semantic prior derived from
text embeddings. By aligning the batch-level predicted co-
variance matrix with the semantic similarity structure, the
model learns both co-occurrence and exclusion relation-
ships among classes. This enables more coherent and in-
terpretable confidence estimates for unseen class combina-
tions, highlighting the importance of structured confidence
modeling in open-vocabulary multi-label settings.

CCR achieves hyperparameter robustness through
structural constraints As shown in Figure 4, CCR re-
mains stable across a wide range of the regularization coef-
ficient λ, owing to its moment-based regularization mecha-
nism. By constraining second-order statistics (covariance)
instead of first-order statistics (means), CCR avoids the sen-
sitivity issues seen in methods like DAC and DOR, which
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Table 5. Accuracy comparison on domain generalization datasets. CCR boosts the calibration and generalization of existing methods.

Method
ECE (↓) Accuracy (↑)

Source Target Source Target

MS-COCO COCO-2014 COCO-2015 COCO-2017 COCO-LT MS-COCO COCO-2014 COCO-2015 COCO-2017 COCO-LT

ZSCLIP 3.86 4.54 4.88 4.51 5.79 66.73 60.87 66.09 70.98 57.19

CoOp 5.10 5.19 5.40 4.80 5.18 69.44 63.55 75.76 74.81 65.72
+CCR 3.92 3.95 3.17 2.58 4.89 71.47 72.47 76.28 75.12 66.73

TaI-DPT 4.13 4.56 4.88 4.06 5.23 69.05 69.57 76.78 76.66 66.41
+CCR 2.86 3.89 3.96 4.37 5.58 71.93 74.94 78.77 78.29 69.55

Figure 4. Parameter sensitivity analysis shows our method
achieves stable Accuracy and ECE on base classes across λ val-
ues, outperforming KgCoOp and DOR in robustness (with CoOp
backbone).

(a) Modality gap before CCR (b) ED score before CCR

Figure 5. Compared to the results in Figure 1 and Figure 3, the
introduction of CCR effectively reduces the modality gap and the
ED score.

often over-regularize when λ is improperly set. Moreover,
CCR is also robust to the choice of batch size (Appendix
E), since in multi-label settings its covariance structure is
primarily determined by the large number of negative (in-
active) class pairs. As negative samples dominate in any
mini-batch, the resulting covariance remains highly consis-
tent across different batch sizes, allowing CCR to maintain
stable behavior under varying training configurations.

6. Discussion
Firstly, while CCR is developed within a BCE framework,
its formulation as a covariance regularizer is orthogonal to
the choice of supervision loss. CCR operates on the struc-
ture of the confidence distribution, a level of abstraction
distinct from the pairwise ordering constraints of ranking
losses. We posit that integrating CCR could imbue ranking-
based fine-tuning with improved probabilistic interpretabil-

ity, yielding models that maintain discriminative margins
while providing better-calibrated confidences. Preliminary
results (see Appendix E) indicate that incorporating CCR
helps stabilize confidence distributions while maintaining
recall performance.

Secondly, the principle of CCR is modality-agnostic, as
it regularizes inter-class correlation structures independent
of input modality. Although our study focuses on prompt
tuning, CCR can be extended to visual fine-tuning or mul-
timodal alignment. For instance, applying CCR to align the
covariance of visual features with a semantic prior could act
as a cross-modal consistency constraint. CCR introduces
a structural level regularizer, contrasting with sample level
methods like weight decay or label smoothing [4, 5]. In-
stead of perturbing individual outputs, CCR preserves the
global semantic topology across classes, guiding the model
to learn a semantically coherent confidence manifold.

7. Conclusion

In this paper, we propose Class-wise Covariance Regular-
ization, a lightweight structural regularizer designed to im-
prove confidence calibration in multi-label prompt tuning.
CCR addresses this issue by aligning the predicted inter-
class covariance with the semantic correlations encoded in
CLIP’s text embeddings, effectively restoring the underly-
ing semantic geometry. As a result, the model attains more
balanced and reliable confidence estimates across both base
and new classes, while further enhancing the performance
of existing prompt-tuning methods. While CCR consis-
tently improves calibration and generalization, it depends
on reliable semantic priors from the CLIP text space, which
may limit its applicability when textual embeddings are
weak. Moreover, CCR models only pairwise linear corre-
lations.

Future work may explore richer dependency structures
to better connect discriminative learning with probabilistic
calibration, while also exploring more rigorous approaches
to calibrating ranking loss. We hope our findings inspire
further studies on structured and geometry-aware calibra-
tion for multi-label vision–language learning.
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