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A. Related Work

In recent years, pre-trained vision-language models
(VLMs) [7, 12] have demonstrated remarkable visual
concept understanding through language supervision, en-
abling effective zero-shot transfer on various downstream
tasks such as image classification [10, 14], knowledge-
augmented retrieval [13], and visual question answering
[22]. Although these models exhibit strong generaliza-
tion to novel visual concepts, the zero-shot performance
of models like CLIP on specific downstream tasks still
lags significantly behind that of their specifically fine-
tuned counterparts [19]. To enhance the adaptability of
pre-trained VLMs, researchers have developed numerous
parameter-efficient fine-tuning methods, such as prompt
tuning [15, 20, 21] and adapter tuning [3], to improve
training efficiency. Furthermore, a series of regularization-
based fine-tuning strategies have been proposed to main-
tain the model’s generalization capability on unseen classes
[6, 16, 23]. It is noteworthy that despite substantial progress
in CLIP fine-tuning techniques, crucial safety-related eval-
uation dimensions like confidence calibration have not yet
received sufficient attention, which is of paramount impor-
tance for real-world deployment.

Confidence calibration has been extensively studied to
ensure that the confidence scores produced by models are
aligned with their empirical accuracy. State-of-the-art ap-
proaches can broadly be divided into regularization-based
methods and post-hoc methods. Regularization-based ap-
proaches explicitly or implicitly constrain modern neural
networks so that their predictions become better calibrated.
Even when they are not primarily designed for calibration,
techniques such as L2 regularization [4], entropy regular-
ization [11], and focal loss [8] generally lead to improved
calibration performance in practice. In contrast, post-hoc
methods adjust the output probabilities only after the train-
ing phase is complete. A simple and widely adopted ex-
ample is temperature scaling, which learns a single scalar
temperature to rescale the softmax logits. ATS [5] extends
this idea by assigning an adaptive temperature to each in-
dividual data point. Another family of post-hoc methods
relies on binning-based calibration. For example, Mix-
n-Match [18] leverages ensemble and composition strate-
gies to achieve data efficiency while preserving the accu-
racy of confidence estimates. More recently, several stud-
ies have explored calibration for CLIP. Some works ana-
lyze how well CLIP remains calibrated under covariate shift
[9]. Since post-hoc calibration learned on base classes of-
ten fails to transfer to novel classes, DAC [17] has been

proposed to fix the logit scale in a post-hoc manner using
a textual deviation–informed score. Existing research on
multi-label calibration has primarily concentrated on Deep
Neural Networks. For instance, [2] introduces a Strictly
Proper Asymmetric (SPA) loss, supplemented by a Label-
Pair Regularizer (LPR), to enhance calibration constraints.
Meanwhile, the DCLR method [1] constructs adaptive label
vectors by dynamically learning inter-class semantic corre-
lations. However, a significant gap remains in calibration
research specifically for pre-trained Vision-Language Mod-
els.

B. Empirical study on Ranking Loss
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Figure 1. Expected Calibration Error (lower is better). Miscali-
bration is depicted in orange for underconfidence and purple for
overconfidence.

Unlike probabilistic objective functions, ranking-loss-
based fine-tuning does not directly model calibrated class
probabilities, but instead learns a scoring function that only
depends on relative preference. Concretely, the model out-
puts a score zc for each class c, and the training objec-
tive only constrains the differences zi − zj between posi-
tive–negative pairs to satisfy a prescribed margin m, with-
out imposing any constraint on the absolute scale of the



logits or their probabilistic interpretation. For subsequent
analysis, we construct a pseudo-confidence distribution at
evaluation time by applying a softmax with temperature τ :

p(c | x) = exp(zc/τ)∑C
k=1 exp(zk/τ)

, (1)

which serves as an approximate posterior for calibration
studies rather than the direct optimization target of the
ranking loss. Because this relative-order objective contin-
ually enlarges the margins between positive and negative
classes while the logits themselves are unbounded, their
scale tends to grow during training; after passing through
a sigmoid or softmax normalization, positive-class proba-
bilities are pushed toward 1 and negative-class probabilities
toward 0, leading to systematically over-confident predic-
tions. In the multi-label CLIP fine-tuning setting, this ef-
fect manifests differently on base and new classes: for base
classes, the abundance and stability of positive–negative
pairs drive persistent margin expansion, effectively lower-
ing the effective temperature of the distribution and yield-
ing generally inflated confidence; for new classes, sparse
and imbalanced supervision allows a few strong updates
to rapidly saturate the probabilities, and shared visual fea-
tures with base classes further amplify this effect, result-
ing in even more severe over-confidence compared to base
classes. More fundamentally, both independently optimized
BCE and ranking-based objectives operate primarily at the
instance level and do not explicitly preserve the rich co-
occurrence and mutual-exclusion structure encoded in the
original zero-shot CLIP text embedding space. The degra-
dation of this semantic structure during fine-tuning is a
key underlying cause of the pronounced miscalibration ob-
served in the resulting confidence scores. We acknowl-
edge that this approach is not particularly rigorous and is
sensitive to temperature; however, it is employed solely to
observe relative trends. Meanwhile, these empirical find-
ings motivate a critical re-evaluation of the BCE loss in the
multi-label fine-tuning.

C. Detailed Definitions of Calibration Metrics

We briefly describe the four calibration metrics adopted in
our evaluation:

(1) Expected Calibration Error (ECE). ECE divides all
predictions into K fixed confidence bins and measures the
weighted average gap between the accuracy and confidence
in each bin:

ECE =

K∑
k=1

|Bk|
N

∣∣acc(Bk)− conf(Bk)
∣∣.

It reflects the model’s overall calibration bias.

(2) Maximum Calibration Error (MCE). MCE captures
the worst-case deviation across bins:

MCE = max
k

∣∣acc(Bk)− conf(Bk)
∣∣.

It represents the largest miscalibration encountered in the
model predictions.

(3) Adaptive Calibration Error (ACE). Unlike ECE, ACE
adopts adaptive binning such that each bin contains approx-
imately equal numbers of samples, providing a balanced
view of calibration across confidence ranges:

ACE =
1

K

K∑
k=1

∣∣acc(Bk)− conf(Bk)
∣∣.

(4) Proximity-Informed Expected Calibration Error
(PIECE). PIECE incorporates feature-space proximity into
the calibration analysis. For each sample xi, it computes lo-
cal calibration bias based on its semantic neighbors N(xi):

PIECE =
1

N

N∑
i=1

∣∣∣acc(N(xi))− conf(N(xi))
∣∣∣.

This metric evaluates the local semantic consistency of con-
fidence calibration and is particularly suitable for vision-
language models. Together, these metrics provide comple-
mentary perspectives on both global and local calibration
behaviors of multi-label recognition models.

D. All Experimental Results
Across extensive experiments covering calibration evalu-
ation, regularization comparison, base-to-new generaliza-
tion, domain generalization, and backbone transferability,
our results consistently validate the effectiveness and ro-
bustness of CCR as a structural calibration mechanism
for multi-label prompt tuning. As reported in Table 1,
CCR yields substantial reductions in ECE, ACE, MCE, and
PIECE across seven representative fine-tuning methods, im-
proving both base and new classes simultaneously and pro-
ducing significantly higher harmonic means. This demon-
strates that CCR effectively addresses the global covari-
ance imbalance introduced by BCE fine-tuning, rather than
merely correcting isolated confidence errors. The analy-
sis in Table 2 further reveals that existing calibration tech-
niques such as DAC and DOR often fail to provide balanced
improvements—DAC frequently worsens tail-class calibra-
tion, and DOR tends to hurt head classes—while CCR con-
sistently enhances calibration across head, medium, tail,
and new classes for all tuning methods, confirming its ad-
vantage as a global structural regularizer rather than a local,
sample-level adjustment. Moreover, base-to-new general-
ization results in Table 3 show that CCR not only preserves
base-class accuracy but also yields consistent improvement



Table 1. 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

CoCoOp 3.32 9.96 6.64 3.28 9.84 6.56 0.94 2.84 1.89 4.21 12.63 8.42
+CCR 2.53 7.61 5.07 2.51 7.53 5.02 0.75 2.25 1.50 3.70 11.10 7.40

KgCoOp 2.76 8.28 5.52 2.80 8.40 5.60 0.68 2.06 1.37 3.41 10.23 6.82
+CCR 1.97 5.91 3.94 2.00 6.02 4.01 0.61 1.83 1.22 3.25 9.75 6.50

DualCoOp 2.30 6.92 4.61 2.34 7.02 4.68 0.69 2.07 1.38 3.46 10.38 6.92
+CCR 2.23 6.71 4.47 2.26 6.80 4.53 0.53 1.61 1.07 3.39 10.17 6.78

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

TaI++ 2.23 6.71 4.47 2.26 6.78 4.52 0.66 1.98 1.32 3.50 10.50 7.00
+CCR 1.94 5.84 3.89 1.97 5.91 3.94 0.59 1.79 1.19 3.35 10.05 6.70

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

Table 2. 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 CoCoOp KgCoOp

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

Head 6.92 5.83 7.45 3.67 3.32 2.85 3.18 2.53 2.76 2.41 2.65 1.97
Medium 5.25 4.91 4.65 3.12 2.68 2.55 2.49 2.15 2.24 2.18 2.12 1.78
Tail 8.37 9.28 6.92 4.89 3.98 4.25 3.75 3.05 3.31 3.42 3.18 2.47
New 21.58 16.42 19.75 11.03 9.96 8.45 9.12 7.61 8.28 7.63 7.85 5.91

Metric DualCoOp TaI-DPT TaI++

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

Head 2.30 2.15 2.28 2.23 3.01 2.52 3.25 2.38 2.23 2.08 2.19 1.94
Medium 1.87 1.92 1.78 1.75 2.95 2.82 2.71 2.51 1.81 1.76 1.72 1.58
Tail 2.76 2.85 2.63 2.55 3.33 3.25 2.99 2.76 2.67 2.72 2.58 2.35
New 6.92 6.25 6.58 6.71 9.03 9.58 8.86 7.14 6.71 6.18 6.42 5.84

Metric T2I-PAL

Vanilla +DAC +DOR +CCR

Head 2.04 1.89 2.21 1.81
Medium 2.35 2.54 2.42 2.12

Tail 2.78 3.12 2.65 2.43
New 6.14 5.78 5.87 5.43

on tail and new classes, leading to notable gains in har-
monic means. This indicates that aligning predicted co-
variance with text-derived semantic correlation reinforces

cross-class structural coherence, enabling the model to
better generalize to unseen label combinations. Finally,
backbone-level results in Table 4 confirm that CCR is



Table 3. 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

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

Head 80.15 81.23 80.85 81.67 82.76 79.84 80.12 80.39 81.95 81.67 81.25 81.93 82.54 81.92 82.15 82.43 83.18
Tail 63.83 64.92 65.34 65.18 65.78 71.36 72.45 73.12 75.68 72.54 73.67 74.25 76.91 71.08 71.76 72.31 74.82
New 72.46 71.15 71.82 71.45 73.82 75.28 76.18 76.84 78.43 77.13 77.89 78.16 79.84 76.04 76.52 76.98 78.67

Class ZSCLIP TaI-DPT TaI++ T2I-PAL

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

Head 80.15 82.45 82.78 83.12 84.07 81.58 81.92 82.35 83.29 84.91 85.23 85.67 86.24
Tail 63.83 64.27 65.83 66.45 72.64 72.43 73.15 73.82 75.86 78.95 79.34 79.86 81.73
New 72.46 73.68 74.52 75.18 78.25 76.92 77.45 77.98 79.15 81.86 82.17 82.64 83.97

Table 4. Comparison results of ECE (%) using different visual
backbones on NUS-WIDE dataset. The smaller values are better.

Backbone CoOp CoCoOp DualCoOp

Conf CCR Conf CCR Conf CCR

RN50 14.25 7.35 6.64 5.07 4.61 4.47
RN101 13.92 7.18 6.35 4.86 4.42 4.29
ViT-B-16 15.83 8.74 7.28 5.62 4.95 4.81
ViT-B-32 16.45 9.12 7.91 6.15 5.18 5.03

architecture-agnostic: whether built on convolutional back-
bones (RN50, RN101) or ViT-based CLIP models (ViT-
B/16, ViT-B/32), CCR consistently reduces calibration er-
ror, reaffirming that its benefits stem from principled co-
variance alignment rather than backbone-specific features.
Altogether, these findings indicate that CCR offers a uni-
fied, semantically grounded solution that improves calibra-
tion, generalization, and robustness across diverse settings,
and integrates smoothly with a wide range of prompt tuning
strategies.

Across Ranking Loss-based fine-tuning methods (TaI-
DPT, TaI++, DualCoOp, and T2I-PAL), Vanilla Ranking
already achieves lower calibration error than BCE-based
counterparts, confirming the advantage of pairwise discrim-
ination for multi-label optimization. However, Tables 5 and
6 show that these models remain noticeably miscalibrated,
especially on tail and new classes. Introducing CCR consis-
tently reduces ECE, ACE, and MCE on both base and new
classes, while maintaining or slightly improving accuracy
(Table 7). The gains are most pronounced on new classes,
where CCR reduces ECE by 5–14 points on average, in-
dicating that covariance-level alignment is beneficial even
when the underlying training loss focuses on ranking rather
than probability.

Compared to BCE-based fine-tuning, ranking-based
models with CCR exhibit competitive calibration, yet
BCE+CCR still achieves the best overall calibration in most
settings. This supports our claim that CCR acts as a loss-
agnostic structural prior: it substantially enhances calibra-
tion for both BCE and ranking objectives, while preserving

the discriminative advantages of ranking-based fine-tuning.
We report the mAP in the table 8. As shown, CCR im-

proves mAP across all datasets on CoOp and TaI-DPT.

E. Fine-grained Experiment

Applying CCR to the visual branch of CLIP-Adapter (Ta-
ble 9) leads to a clear reduction in calibration error (ECE:
11.42→9.03, ACE: 12.15→10.74) while keeping mAP es-
sentially unchanged (63.28→63.30). This demonstrates
that the covariance-alignment mechanism of CCR can op-
erate directly on visual features, supporting our claim that
CCR is modality-agnostic rather than tied to text-only
prompt tuning. The improvement—achieved without modi-
fying the adapter architecture—indicates that CCR captures
structural dependencies that remain beneficial even when
applied exclusively within the visual modality.

When CCR is applied to the joint image–text similar-
ity space (Table 10), it substantially reduces the calibration
error of similarity scores (ECE: 10.25→7.92), while pre-
serving retrieval performance across Recall@1/5/10. This
indicates that CCR can regularize multimodal alignment
processes by stabilizing the geometric structure of simi-
larity distributions without affecting ranking quality. Such
results provide further evidence that CCR’s structural co-
variance alignment is naturally compatible with multimodal
fine-tuning pipelines.

We study the sensitivity of CCR to the amount of super-
vision by varying the number of shots (4/8/16/32/64/128)
in the few-shot prompt tuning setting. For each shot con-
figuration, we compare the baseline BCE fine-tuning with
and without CCR in terms of class-wise ECE. As shown
in Fig. 2, the class-wise ECE of CCR remains consistently
low and exhibits only minor variation across different num-
bers of shots, indicating that CCR is stable and robust to the
amount of supervision in the few-shot regime.

We further compare the training overhead of BCE fine-
tuning with and without CCR. As shown in Table 11, CCR
introduces only a small increase in per-epoch training time
(approximately +9.7%) and a comparable total training time



Table 5. Average calibration across six datasets using Ranking Loss. “Vanilla” refers to ranking-based fine-tuning without regularization.
“+CCR” denotes our method. ↓ 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

TaI-DPT (Rank) 2.45 7.92 4.35 2.48 7.88 4.33 0.74 2.61 1.69 3.78 11.24 7.12
+CCR 2.31 6.52 3.87 2.33 6.48 3.84 0.70 2.32 1.58 3.51 9.86 6.68

TaI++ (Rank) 2.18 6.01 3.46 2.21 6.07 3.49 0.63 1.95 1.27 3.42 9.35 6.01
+CCR 2.03 5.32 3.21 2.05 5.39 3.25 0.58 1.78 1.19 3.21 8.72 5.64

DualCoOp (Rank) 2.12 6.34 3.42 2.15 6.38 3.45 0.68 2.01 1.32 3.39 9.48 6.03
+CCR 2.07 5.85 3.25 2.09 5.93 3.28 0.67 1.90 1.26 3.28 8.95 5.79

T2I-PAL (Rank) 2.51 7.42 4.28 2.48 7.33 4.23 0.79 2.72 1.75 3.85 11.02 7.15
+CCR 2.38 6.96 4.04 2.40 7.05 4.10 0.73 2.51 1.61 3.64 10.34 6.86

Table 6. Average ECE (%) of regularization-based methods under Ranking Loss across six datasets. “Vanilla” denotes the ranking-loss
baseline. Red indicates an increase in ECE (worse) after calibration.

Metric TaI-DPT (Rank) TaI++ (Rank) DualCoOp (Rank)

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

Head 2.61 2.43 2.74 2.31 2.35 2.21 2.29 2.03 2.28 2.19 2.24 2.07
Medium 2.08 1.97 1.95 1.76 1.89 1.85 1.82 1.64 1.92 1.88 1.83 1.69
Tail 3.12 3.35 2.89 2.58 2.74 2.95 2.63 2.41 2.81 2.86 2.70 2.48
New 7.92 6.84 7.35 6.52 6.01 5.57 5.86 5.32 6.34 5.89 6.05 5.85

Metric T2I-PAL (Rank)

Vanilla +DAC +DOR +CCR

Head 2.47 2.36 2.51 2.38
Medium 2.23 2.27 2.18 2.10

Tail 2.96 3.18 2.79 2.61
New 7.42 6.97 7.05 6.96

Figure 2. The sensitivity of CCR to the amount of supervision by
varying the number of shots.

to reach convergence. Importantly, the number of epochs
required for convergence remains unchanged. This demon-

strates that CCR is lightweight and can be integrated into
existing fine-tuning pipelines without meaningful computa-
tional burden.

We further study the interaction between the covariance
regularization weight λ, mini-batch size, and training effi-
ciency. Concretely, we fine-tune DualCoOp with BCE loss
on MS-COCO under a 16-shot setting and vary the regu-
larization coefficient λ ∈ {0.01, 0.10, 0.30} and batch size
B ∈ {16, 32, 64}. For each configuration, we report the
time per epoch, total training time until convergence, and
the ECE on new classes. This experiment is designed to
assess whether CCR introduces substantial computational
overhead and whether its calibration effect is stable under
different training configurations.

Table 12 analyzes the interaction between the regu-
larization strength λ, batch size, and training cost for



Table 7. Average accuracy (%) across six base-to-new datasets under Ranking Loss. “Vanilla” denotes the ranking-loss baseline. Blue
indicates zero-shot CLIP performance.

Class ZSCLIP TaI-DPT (Rank) TaI++ (Rank) DualCoOp (Rank) T2I-PAL (Rank)

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

Head 80.15 83.21 83.64 83.59 82.97 83.25 83.48 82.84 83.06 83.27 84.35 84.72 84.69
Tail 63.83 71.92 72.48 73.15 73.05 73.64 74.21 72.43 73.05 73.86 78.12 78.95 79.41
New 72.46 75.18 75.89 77.03 77.26 77.94 78.62 76.84 77.38 78.15 81.12 81.76 82.39

Table 8. mAP performance.

Dataset Vanilla (BCE) BCE+CCR Vanilla (Rank) Rank+CCR

CoOp
MS-COCO 63.4 67.6 66.8 68.2

VOC 82.5 84.2 84.7 85.1
NUS-WIDE 53.3 54.6 54.0 54.9

TaI-DPT
MS-COCO 67.2 69.8 68.5 69.6

VOC 84.7 85.2 86.4 87.3
NUS-WIDE 55.8 57.4 56.3 57.9

Table 9. Effect of Visual-CCR on CLIP-Adapter (RN50) on NUS-
WIDE. CCR is applied only to the visual branch.

Method ECE(↓) ACE(↓) mAP(%)(↑)

CLIP-Adapter (visual only) 11.42 12.15 63.28
CLIP-Adapter + Visual-CCR 9.03 10.74 63.30

Table 10. Pilot experiment: CCR applied to the joint image–text
similarity space (Flickr30k 1K split).

Method R@1(↑) R@5(↑) R@10(↑) ECE(↓)

ZS CLIP 63.2 85.7 91.3 6.84
Fine-tuned (contrastive) 67.5 88.1 92.4 10.25
Fine-tuned + CCR 67.4 87.6 92.4 7.92

Table 11. Training-time comparison between BCE fine-tuning and
BCE+CCR. Results are reported using CoOp (16-shot) on COCO.
CCR introduces only marginal overhead while significantly im-
proving calibration.

Method Time / Epoch (s) Total Time (min) Epochs to Converge

BCE (Vanilla) 12.4 52.3 10
BCE + CCR 13.6 57.6 10

CoOp+BCE+CCR on MS-COCO. Across all configura-
tions, CCR introduces only a modest increase in per-epoch
time, and the total training time remains within a narrow
range as λ and the mini-batch size vary. More importantly,
the ECE on new classes is consistently improved compared
to the BCE baseline (see Table 1), and remains stable across
different batch sizes for a given λ.

We observe that moderate regularization weights (e.g.,
λ = 0.10) strike a favorable balance between calibration
improvement and training overhead. These results indicate
that CCR is robust to both the choice of λ and the mini-

Table 12. Ablation on λ, batch size, and training cost for
CoOp+BCE+CCR on COCO (16-shot). CCR introduces only
marginal overhead and remains calibration-effective across differ-
ent settings.

λ Batch Time / Epoch (s) Total Time (min) New ECE(↓)

0.05 16 11.8 49.6 6.42
0.05 32 12.1 50.2 5.97
0.05 64 12.4 50.8 4.85

0.10 16 12.7 54.3 4.52
0.10 32 13.1 55.0 4.28
0.10 64 13.4 55.6 4.31

0.30 16 12.3 52.1 4.86
0.30 32 12.6 52.7 4.41
0.30 64 12.9 53.2 4.37

batch size, and that its structural calibration effect does not
rely on careful tuning of training configurations.

Figure 3. The relationship between embedding divergence (ED)
and neighborhood preservation (NP@K) at both the class level and
the method level.

As shown in Figure 3, we observe a strong negative
correlation (e.g., (r=-0.87)) between embedding divergence
(ED) and neighborhood preservation (NP@K), indicating
that methods inducing lower semantic dispersion in the
class embedding space tend to better preserve the zero-shot
semantic neighborhood structure. The Pearson correlation
coefficient is computed across different fine-tuning meth-



ods:

r =

∑N
i=1(EDi − ĒD)(NPi − N̄P)√∑N

i=1(EDi − ĒD)2
∑N

i=1(NPi − N̄P)2
, (2)

where N denotes the number of fine-tuning methods, and
(EDi,NPi) are their aggregated statistics. At the class level,
BCE fine-tuning produces a polarized structural shift: head
classes collapse into an overly compact region (low ED,
low NP), while tail and new classes become excessively dis-
persed (high ED, low NP). CCR effectively alleviates both
extremes, guiding all class groups toward a more balanced
region characterized by reduced dispersion and improved
neighborhood preservation. At the method level, transi-
tions such as BCE→ BCE+CCR and Rank→ Rank+CCR
consistently move toward the desirable low-ED / high-NP
quadrant. This demonstrates that CCR restores the semantic
geometry of the class embedding space rather than merely
shrinking logits. The fitted ED–NP trend line, together with
the strong magnitude of r, further confirms that CCR acts as
a geometry-consistent regularizer aligned with the semantic
topology of zero-shot CLIP.

Figure 4 illustrates the semantic structure among ten ran-
domly selected COCO categories under three settings: the
text-derived prior Σtext, the difference between the BCE-
tuned structure and the prior (BCE−Σ), and the difference
between the CCR-tuned structure and the prior (CCR−Σ).
The left heatmap visualizes the semantic relations encoded
by the CLIP text embeddings, where semantically related
categories (e.g., dog and cat) exhibit higher similarity than
unrelated object pairs, reflecting the natural semantic topol-
ogy learned by zero-shot CLIP. The middle heatmap shows
the deviation of the BCE-tuned semantic structure from
this prior, revealing that BCE fine-tuning disrupts the orig-
inal organization by exaggerating or diminishing specific
inter-class relations. In contrast, the CCR−Σ heatmap on
the right displays substantially smaller and smoother devia-
tions, indicating that CCR effectively counteracts the struc-
tural drift introduced by BCE and brings the learned seman-
tic relations back in line with the text-derived prior. Overall,
CCR restores coherent inter-class relationships rather than
merely adjusting logits, yielding a more faithful and stable
semantic structure for multi-label prediction.

Figure 4. CCR effectively restores the semantic covariance struc-
ture disrupted by BCE fine-tuning, bringing it back toward the
text-derived prior.

Figure 5. Visualization of the coarse-to-fine semantic structure
(Animal and Vehicle groups). BCE fine-tuning disrupts this hier-
archy, while CCR restores the block-diagonal organization consis-
tent with the text-derived semantic prior.

Table 13. Coarse-to-fine hierarchical label mapping.

Coarse Category Fine-grained Classes (Examples)

Animal dog, cat, horse, sheep, cow, bear, elephant, zebra, giraffe
Vehicle car, bus, train, truck, boat, motorbike, bicycle, aeroplane
Furniture chair, sofa, bed, potted plant, dining table, bench
Food banana, cake, sandwich, apple, broccoli, pizza, donut
Tool scissors, toothbrush, hair dryer, knife, fork, spoon

Based on the coarse-to-fine hierarchy defined in Ta-
ble 13, we construct two high-level semantic groups—
Animal and Vehicle—each consisting of multiple fine-
grained categories naturally clustered in real-world seman-
tics (e.g., dog, cat, horse under Animal, and car, bus,
train under Vehicle). These coarse categories provide an
explicit semantic scaffold against which we can examine
how different fine-tuning strategies preserve or distort the
structure of the label space.

Building on this hierarchy, Figure 5 visualizes the se-
mantic structure encoded by the text-derived prior Σtext, and
the deviations produced by BCE fine-tuning and by CCR.
The text prior exhibits clear block-diagonal patterns corre-
sponding to the two coarse groups, reflecting strong intra-
group similarity and weak inter-group correlation. BCE
fine-tuning substantially disrupts this organization: within-
group relations collapse into an overly concentrated re-
gion, while cross-group similarities become excessively
suppressed, resulting in a fragmented semantic layout. In
contrast, CCR restores the original coarse-to-fine structure,
sharpening the block patterns and realigning inter-class re-
lations toward the text-guided prior. These results indicate
that CCR actively repairs the higher-order semantic geom-
etry of the label space, preserving coherent coarse-level or-
ganization rather than merely adjusting individual logits.
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