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Table 1. Accuracy and calibration performance on base classes
across 10 fine-grained classification benchmarks. We report top-
1 accuracy (Acc) and Expected Calibration Error (ECE) for multiple
prompt-tuning strategies and diverse calibration baselines. Higher
Acc. indicates better classification performance, while lower ECE
reflects better calibration.
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1. Calibration Analysis for Base and Novel
Classes Across Prompt Learning Methods

In the main paper, we provide the calibration results for
three representative prompt learning methods: CoOp [25],
KgCoOp [22], and MaPLe [11]. Here we provide the re-
sults for additional prompt learning methods including Co-
CoOp [24], ProDA [23], ProGrad [26], and PromptSRC [12]
for both base and novel classes to demonstrate the broader
applicability and effectiveness of our calibration approach.
Calibration Performance on Base Classes. Table 1
presents the accuracy and calibration performance on base
classes across 10 fine-grained classification benchmarks.
The results consistently demonstrate that our calibration
approach achieves superior calibration performance (lower
ECE) while maintaining competitive accuracy across all eval-
uated prompt learning methods. Notably, our method shows
the most significant improvements with PromptSRC [12],
reducing the average ECE from 4.26 to 3.04 without compro-
mising clean accuracy. The consistent improvements across
diverse prompt learning architectures validate the general-
izability of our approach. Calibration Performance on
Novel Classess. We further evaluate the calibration perfor-
mance on novel classes to assess the generalization capability
of our approach when dealing with unseen categories during
training. Table 2 presents the accuracy and calibration per-
formance on novel classes across the same 10 benchmarks.
Our method demonstrates consistent calibration improve-
ments across all prompt learning methods when evaluated
on novel classes. The results show that our approach ef-
fectively generalizes to unseen categories, with particularly
notable improvements in ECE reduction. For instance, with
ProDA [23], our method reduces the average ECE from 9.03
to 3.42 while maintaining comparable clean accuracy (70.22
vs 71.38). Similarly, with CoCoOp [24], we achieve an
ECE reduction from 5.55 to 3.86. These results highlight
the robustness of our calibration approach in handling the
challenging scenario of novel class prediction, where models
are more prone to overconfidence due to limited training
exposure.

2. Results on Natural Distribution Shifts

Here, we provide results on out-of-distribution datasets for
the ImageNet-A [7], ImageNet-V2 [18], ImageNet-R [6],
and ImageNet-S [20] datasets demonstrating the robustness
of our calibration approach under natural distribution shifts.

Base Classes. Table 3 presents the accuracy and cali-
bration performance on base classes across these 4 natural
distribution shift datasets. Our method consistently outper-
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Acc. | 94.10 97.10 75.00 77.50 91.10 3590 75.50 60.60 63.80 78.60 74.30

Zero Shot ECE | 160 342 331 491 183 655 348 686 9.2 552 443
CoCoOp[24]
CoCoOp (4] Ace: [945T 97.69 7326 7227 91.02 3347 76.54 5765 63.14 7489 7344
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DAC Ace || - ; p ; ; ) p . p ) )
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Ours Acc. [|93:56 97.56 73.81 72774 91.14 30,57 66.18 53.82 5858 75.79 71.38
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Acc. || 94.21 97.31 75.58 77.28 91.51 29.73 7879 61.03 74.72 77.86 75.80
ECE| 1.51 326 206 550 177 1292 1.07 6.68 808 281 457
Acc. || 94.18 97.61 74.80 76.31 91.60 36.23 78.80 59.02 37.07 77.25 72.29

PromptSRC [12]
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DAC Acc. - - - - - - - - - - -
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o ‘Acc. || 9429 9738 7449 7544 9168 3685 7830 5753 7264 7172 75,63

ECE || 1.14 1.19 239 544 072 926 077 681 837 189 3.80

Table 2. Accuracy and calibration performance on novel classes
across 10 fine-grained classification benchmarks. We report top-
1 accuracy (Acc) and Expected Calibration Error (ECE) for multiple
prompt-tuning strategies and diverse calibration baselines. Higher
Acc. indicates better classification performance, while lower ECE
reflects better calibration.
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MaPLe [11]
MaPLe [11] Acc. || 67.35 53.35 6831 85.22 68.56

Table 3. Accuracy and calibration performance on base classes
across 4 natural distribution shift datasets. We report top-1 accu-
racy (Acc) and Expected Calibration Error (ECE) for MaPLe [11].
Higher Acc. indicates better classification performance, while
lower ECE reflects better calibration.

forms baseline calibration approaches across all datasets.
Notably, our approach achieves superior calibration with an
average ECE of 2.82 compared to the vanilla MaPLe baseline
(3.19), ZS-Norm (5.41), and Penalty (5.76). The improve-
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MaPLe [11]
MaPLe [11] Acc. || 67.36 53.36 68.31 8522 68.56

Acc. || 6720 53.21 67.86 85.28 68.39
ECE | 3.11 3.63 220 205 275

Table 4. Accuracy and calibration performance on novel classes
across 4 natural distribution shift datasets. We report top-1
accuracy (Acc) and Expected Calibration Error (ECE) for MaPLe
[11]. Acc. indicates better classification performance, while lower
ECE reflects better calibration.

ments are particularly pronounced on challenging datasets
like ImageNet-A and ImageNet-R, where our method re-
duces ECE from 2.52 to 2.21 and from 3.14 to 2.05, respec-
tively, while maintaining competitive accuracy.

Novel Classes. Table 4 shows the corresponding results
on novel classes under distribution shift. The consistent per-
formance across both base and novel classes demonstrates
the generalization capability of our calibration approach.
Our method achieves an average ECE of 2.75 on novel
classes, significantly outperforming ZS-Norm (5.31) and
Penalty (5.64) baselines. The robustness across different
types of distribution shifts, including adversarial examples
(ImageNet-A), renditions (ImageNet-R), and sketch-like im-
ages (ImageNet-S), validates that our approach addresses
fundamental calibration issues rather than dataset-specific
artifacts.

These results are particularly important for real-world
deployment scenarios where models encounter data that dif-
fers from the training distribution. The consistent calibration
improvements across diverse distribution shifts demonstrate
that our method provides reliable confidence estimates even
under challenging out-of-distribution conditions.

3. Additional Results: ACE and MCE Perfor-
mance Metrics

In the main paper, we evaluate classification performance
using top-1 accuracy and model calibration using Expected
Calibration Error (ECE). Here we provide comprehensive
results for additional calibration metrics including Adaptive
Calibration Error (ACE) [16] and Maximum Calibration
Error (MCE) [14] to further validate the effectiveness of our
approach.

Table 5 presents the MCE and ACE results on base
classes across 10 fine-grained classification benchmarks.
Our method demonstrates consistent improvements across
both metrics for all evaluated prompt learning methods. For
CoOp, our approach reduces the average MCE from 2.40 to



z
2

2
z 2

Calt
Pets
Cars
Food
Air
SUN
DTD
Euro
UCF

Method H
1

CoOp[25]
MCE ||0.24 031 091 246 172 477 399 568 0.60 334 240
ACE || 044 0.62 3.65 4.67 3.65 2570 8.11 1201 195 641 6.72
MCE | 1.40 2.17 220 276 090 434 0.82 1476 11.82 0.87 420
ACE ||432 770 1126 11.12 3.14 13.05 4.26 49.53 36.04 336 14.38
MCE || 1.62 1.85 213 250 138 223 094 430 11.34 1.63 2.99
ACE ||475 641 10.01 936 598 8.61 4.61 2148 20.86 7.09 9.92
MCE ||033 1.01 187 1.68 0.2 121 031 056 167 022 0.90
ACE || 098 2.10 7.55 494 021 240 130 201 512 1.15 278
MaPLe [11]
MCE ||0.51 0.60 1.68 129 034 091 0.19 1.04 074 056 0.79
ACE ||2.14 1.19 691 321 073 295 1.17 371 294 149 264
MCE || 1.28 1.01 379 145 225 195 227 280 124 061 187
ACE ||5.28 321 20.73 721 11.17 698 859 1237 691 340 859
MCE || 1.88 1.85 230 3.15 1.11 227 124 369 0.61 145 196
ACE || 5.68 6.29 11.17 1197 371 872 6.81 2023 3.10 7.61 853
MCE || 0.62 034 120 087 147 062 111 150 0.60 0.94 093
ACE || 1.62 0.80 398 218 3.66 094 438 755 154 134 280
KGCoOp [22]
MCE || 1.14 1.17 223 275 0.62 1.17 097 161 331 125 1.62
ACE [[2.56 295 10.14 1195 1.59 295 491 839 11.90 459 6.19
MCE | 1.31 1.13 228 3.02 0.64 3.12 134 385 406 1.12 219
ACE [ 2.98 3.06 10.58 13.00 1.69 9.59 6.51 2040 15.58 5.75 891
MCE | 1.27 1.40 210 3.03 081 167 120 2.87 330 133 190
ACE ||420 461 9.96 1253 244 641 592 10.66 13.14 6.04 7.59
MCE ||0.86 1.05 1.12 201 055 194 081 1.12 3.61 0.86 139
ACE || 1.83 283 8.1 1121 142 511 415 721 1265 395 5.85

CoOp [25]

ZS-Norm [13]

Penalty [13]

Ours

MaPLe [11]

ZS-Norm [13]

Penalty [13]

Ours

KGCoOp [22]

ZS-Norm [13]

Penalty [13]

Ours

Table 5. Calibration performance on base classes across 10
fine-grained classification benchmarks. We report Maximum
Calibration Error (MCE) and Adaptive Calibration Error (ACE) for

multiple prompt-tuning strategies and diverse calibration baselines.

Lower MCE and ACE reflects better calibration.
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L CoOp[25]
CoOp [25] MCE || 2.61 0.64 238 548 144 501 435 706 441 6.11 395
ACE || 347 1.67 1245 1833 3.84 2841 1392 2688 12.73 19.17 14.09
DAC[21] MCE || 1.50 0.66 121 208 049 357 1.03 224 303 170 176
ACE |[2.60 1.70 5.17 10.18 1.75 17.27 4.00 10.51 858 8.63 7.04
ZS-Norm [13] MCE || 146 2.06 0.75 108 082 224 055 932 11.82 1.14 3.12
ACE ||259 79 301 593 33 986 227 2197 37.04 391 9.78
Penalty [13] MCE | 092 21 068 116 1.00 246 076 09 754 136 1.89
ACE ||2.23 732 269 546 469 744 291 435 1494 451 565
Ours MCE | 1.05 1.26 055 098 025 29 064 197 39 149 142
ACE || 23 292 202 367 091 1047 299 9.6 1124 504 483
MaPLe [11]
MaPLe [11] MCE | 0.55 1.04 056 502 037 148 0.65 350 166 066 1.55
ACE || 1.26 244 283 12,67 1.12 727 249 1490 790 281 557
DAC[21] MCE || 0.39 1.06 0.77 442 050 226 040 195 255 0.66 1.50
ACE || 1.19 244 257 1128 148 890 137 824 9.12 232 489
7S-Norm [13] MCE || 0.84 1.23 213 176 132 192 1.07 140 091 751 201
ACE || 1.62 415 946 7.77 383 785 377 6.1 484 1373 631
Penalty [13] MCE | 0.84 1.72 140 132 1.1l 1.07 091 273 7.1 176 2.00
ACE || 1.92 7.60 641 483 405 347 474 1046 1673 8.67 6.89
Ours MCE || 044 052 161 108 170 088 266 055 0.14 087 1.05
ACE ||10.32 095 638 3.13 1127 207 849 248 0.58 474 404
KGCoOp [22]
KGCoOp [22] MCE |/ 0.53 1.16 09 106 074 178 039 122 337 069 1.18
ACE || 1.22 326 336 545 201 586 1.83 5.02 869 259 393
DAC [21] MCE || 0.62 1.21 085 137 064 3.02 042 133 175 077 120
ACE || 1.56 3.02 3.11 6.61 193 1174 1.82 726 6.63 270 464
ZS-Norm [13] MCE || 0.58 1.17 094 106 075 297 059 190 152 097 125
ACE || 1.33 330 3.86 531 210 839 330 595 651 381 439
Penalty [13] MCE | 0.56 143 099 138 087 134 058 168 372 128 1.38
ACE || 1.19 351 3.89 514 264 500 335 563 1386 423 484
Ours MCE || 051 1.21 085 098 068 278 047 197 135 091 1.17
ACE || 1.1 343 368 491 192 785 201 411 432 315 3.65

Table 6. Calibration performance on novel classes across 10
fine-grained classification benchmarks. We report Maximum
Calibration Error (MCE) and Adaptive Calibration Error (ACE) for

multiple prompt-tuning strategies and diverse calibration baselines.

Lower MCE and ACE reflects better calibration.

0.90 and ACE from 6.72 to 2.78, representing substantial
calibration improvements. Similarly, with KGCoOp, we

achieve reductions in MCE from 1.62 to 1.39 and ACE from
6.19 to 5.85. These results are particularly noteworthy as
MCE captures the worst-case calibration error, indicating
that our method not only improves average calibration but
also reduces extreme miscalibration cases.

Table 6 shows the results on novel classes. The improve-
ments are consistent with the base class results, demonstrat-
ing the generalization capability of our calibration approach.
For KGCoOp on novel classes, our method maintains similar
MCE performance (1.18 vs 1.17) while slightly improving
ACE from 3.93 to 3.65. The robustness across different
calibration metrics validates that our approach addresses
fundamental calibration issues rather than optimizing for
specific metrics.

The consistent improvements across ECE, MCE, and
ACE metrics provide strong evidence that our calibration
method effectively reduces both average and worst-case cali-
bration errors, making it suitable for deployment in safety-
critical applications.

4. Medical Image Analysis

Furthermore, we evaluated our proposed solution on four
Med-VLMs: PLIP [8], QuiltNet [9], using three downstream
datasets: KatherColon (Kather) [10], PanNuke [5], and Di-
gestPath [3]. We compared the proposed method with other
calibration methods, such as CE, MbLs, ZS-Norm, and
penalty.

Table 7 shows that the proposed method consistently
yields the lowest ECE values when compared with Vanilla
Cross Entropy Loss(CE). At the same time, our proposed
method gives the lowest reduced Overall Average ECE value
compared to other baselines, yielding 7.09 while maintaining
the stable accuracy.

5. Loss Component Analyses

Fig.1 shows how Lo, loss works directly with Lcg on both
Base and Novel classes without Largin 10ss. Lmoem reduces
the underconfidence in base classes marginally without any
inter-class logit separation. However, it reduces the overcon-
fidence issue alone(without having margin loss) in Novel
classes by preserving CLIP’s semantic geometry, maintain-
ing relative class structure. As you can see in Fig.2 of the
main paper, when incorporating Largin With Liom, it helps
to reduce the miscalibration issue further more in both Base
and Novel classes by having inter-class separation and main-
taining relative class structure geometry.

6. Hyperparameters Details

For all experiments, we use CLIP (ViT-B/16) [17] as the pre-
trained vision-language model. Prompt-tuning is conducted
in a few-shot setting with 16 samples per class, using a
learning rate of 0.005 and a batch size of 8. For each baseline



Model — PLIP QuiltNet Average

Dataset — Kather PanNuke DigestPath Kather PanNuke DigestPath All
Loss | ACC 1 ECE | ACC 1 ECE | ACC 1 ECE | Acc 1 ECE | ACC 1 ECE | ACC 1 ECE | ACC 1 ECE |

Cross Entropy-based Losses

Cross Entropy Losspr, 83.91 592 66.70 17.82 82.87 9.50 87.97 249 69.82 19.70 81.59 11.27 78.81 11.12

MbLS Py, 84.39 357 66.70 17.82 82.76 9.53 84.76 3.48 6554 23.05 82.58 10.90 77.79 11.39
ZS-Normpy, 85.63 3.07 71.52 17.22 82.84 7.31 9191 087 6955 19.18 84.78 6.37 81.04 9.00
Penaltypr, 86.48 390 7049 3.11 69.61 2.40 89.29 12.28 59.88 3.41 79.23 17.53 7583 7.11
Ours 8798 1.31 6572 12.40 84.84 4.71 88.70 1.45 6831 16.17 8346 6.49 79.83 7.09

Table 7. Comparison of proposed method (with baseline methods using Cross Entropy (CE). Accuracy (ACC, %) and Expected Calibration
Error (ECE, %) are shown for PLIP and QuiltNet on histopathology datasets (Kather, PanNuke, DigestPath). Best results are in bold,
second-best underlined.

;CCE LCE + £m0m

ECE=4.28% ECE=4.06%

1.0
0.8

0.6

wn

(4v}

00.4

O
N

o
o

Accuracy

ECE=11.67% N7 ECE=10.69%

0.0 |
02 04 06 08 1.0 0.2 04 06 0.8 1.0

Figure 1. Lmom loss analyses on both Base and Novel Classes

method, we adopt its official implementation and follow A6000 GPU with 48GB memory.

the recommendeq hyperparameter settings from the original For our proposed calibration method, we use the follow-
papers. All experiments are performed on an NVIDIA RTX ing hyperparameters across all experiments: Apfargin = 1.0



ACC ECE

(a, B) Base Novel Avg Base Novel Avg

(0.1,0.01) 89.65 8238 86.02 199 566 3.83
(0.2,0.01) 89.72 79.66 84.69 346 853 599
(0.3,0.01) 89.28 80.72 85.00 446 950 698
(0.1,0.05) 89.12 79.99 8456 395 626 5.10
( ) 8339 8149 8244 410 820 6.15

) 89.75 80.52 85.14 2.0l 8.01 5.01

0.2,0.05
(0.3,0.05

Table 8. Hyperparameter search for v (0.1-0.3) and 3 (0.01 and
0.05), with results averaged across Caltech [4], Food101 [1], and
DTD [2], reported on both base and novel classes.

ACC ECE
A Base Novel Avg Base Novel Avg
1 8944 8151 8548 347 454 401
3 8917 82.14 85.65 211 394 3.03
5 8971 8264 86.18 1.80 322 251
8 8993 8244 86.19 299 524 412
10 89.15 82.00 8558 364 521 443

Table 9. Hyperparameter search for Amom over values 1-10, with
results averaged across Caltech [4], Food101 [1], and DTD [2],
reported on both base and novel classes.

controls the strength of the margin-based regularization,
a = 0.1 balances the average marin, 3 = 0.01 is the weight
for the variance loss, and \,om = 5.0 controls the local
moment matching regularization. Table8 and 9 show how
we choose these values. These hyperparameters were fixed
across all datasets and prompt learning methods to ensure
fair comparison. We conduct 3 random seeds for each exper-
iment and report the average results.

7. Prompt Templates and Variations

In the main paper, Figure 4b presents our method’s ro-
bustness to different prompt initialization. The follow-
ing prompt templates were evaluated to assess initial-
ization robustness: “a nice image of a {}”, “an
example of a {}”, “a picture of a {}”, and
“a photo of the cool {}”. These templates repre-
sent different stylistic and semantic variations commonly
used in prompt learning literature. This robustness is par-
ticularly valuable in practical deployment scenarios where
optimal prompt initialization may not be known in advance.

8. Variance Analysis

To assess the statistical robustness of our approach, we eval-
uate the variance in performance across 3 random seeds for
both accuracy and calibration metrics. Table 10 presents the
variance results across 9 novel classes of fine-grained classifi-

Calt
Pets
Cars
Flow
Food
Air
SUN
DTD
Euro
Avg

Method H

CoCoOp|[25]
Var. Acc |[0.81 0.08 2.65 1.53 441 001 3.61 0.19 0.69 1.55
Var. ECE || 036 0.03 3.09 8.82 3.88 0.01 625 0.10 021 2.53
Var. Acc || 1.02 7024 460 4.62 058 0.127 1.29 0.19 033 1.44
Var. ECE || 1.69 0.12 0.88 6.66 4.45 0.10 1.04 023 5.11 225
Penalty [13] Var, Ace || 0.1270.09 0.11 0.32 059 581 225 0.09 0.08 1.05
Var. ECE || 0.08 0.02 020 0.04 0.75 1.00 2.50 0.19 0.02 0.53
S Var Ace [|0.05 001 772 1.21 1.96 0.07 0.01 0.18 0.01 1.25
Var, ECE || 0.01 0.03 243 0.01 146 0.0 073 021 0.06 0.55

KGCoOp [22]
Var. Acc |[0.03 0.00 2.19 1.21 058 0.0l 0.85 0.15 0.08 0.57
Var. ECE || 0.04 0.00 4.00 0.25 0.72 0.00 0.01 0.01 0.17 0.58
Var. Acc || 0.05 0.00 729 0.92 0.50 0.01 3.35 035 0.00 1.39
Var, ECE || 0.04 0.00 231 0.07 0.01 0.01 1.80 0.00 0.04 0.48
Var. Acc | 0.01 0.00 1.66 0.16 1.23 0.01 1.04 0.11 0.15 0.49
Var. ECE || 0.08 0.06 038 0.18 1.19 0.01 237 0.07 0.06 0.49
Var. Acc |[0.05 0.00 231 0.17 0.96 0.02° 0.00 040 0.04 0.44
Var. ECE | 0.02 0.00 0.16 0.74 0.44 0.04 0.02 0.10 036 021

CoCoOp [25]

ZS-Norm [13]

KGCoOp [22]

ZS-Norm [13]

Penalty [13]

Ours

Table 10. Variance across 3 random seeds for 9 novel classes of
fine-grained classification benchmarks.

cation benchmarks for CoCoOp and KGCoOp methods. Our
approach demonstrates superior stability with consistently
lower variance in both accuracy and ECE compared to base-
line calibration methods. For CoCoOp, our method achieves
significantly lower average variance in accuracy (1.25 vs
1.55) and ECE (0.55 vs 2.53) compared to the vanilla base-
line. Similarly, with KGCoOp, we maintain competitive vari-
ance performance with average accuracy variance of 0.44
compared to the baseline’s 0.57, while substantially reducing
ECE variance from 0.58 to 0.21. The reduced variance in
calibration error is particularly noteworthy as it indicates that
our method provides more consistent and reliable confidence
estimates across different experimental runs, which is crucial
for deployment in safety-critical applications.

9. Results on Different Backbones

To evaluate the adaptability of our method, we conduct exper-
iments on CoOp [25] with different backbones, namely RN-
50 and ViT-B/32. The Tables11 and 12results show that our
approach consistently outperforms existing methods across
both backbones, while also maintaining improvements in
accuracy. In base classes, for RN-50, our method achieves an
average ECE of 3.46 compared to 4.04 for the vanilla base-
line. Similarly, for ViT-B/32, our method attains an ECE of
2.87, outperforming the vanilla baseline at 3.15. For novel
classes, our method achieves the second-lowest average ECE
of 5.46 on RN-50, with ZS-Norm [13] performing slightly
better at 5.23. In contrast, on ViT-B/32, our method achieves
the lowest ECE of 5.82, surpassing all other approaches.

10. Decision Boundary Visualization

Figure 2 shows that the Text Momentum-Matching loss bet-
ter preserves the geometric structure of CLIP’s pretrained
embedding space by aligning the statistical moments of
tuned and frozen text embeddings, compared to ¢; align-
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Table 11. Accuracy and calibration performance on base classes
across 10 fine-grained classification benchmarks using RN-50
and ViT-B/32. We report top-1 accuracy (Acc) and Expected
Calibration Error (ECE) for CoOp[25], a prompt-tuning strategy,
evaluated with different backbones.
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Table 12. Accuracy and calibration performance on novel

classes across 10 fine-grained classification benchmarks using
RN-50 and ViT-B/32. We report top-1 accuracy (Acc) and Ex-
pected Calibration Error (ECE) for CoOp[25], a prompt-tuning
strategy, evaluated with different backbones.

Method Total-Time-Per Batch Peak GPU Memory
MaPLe [11] ]| 1591(seconds)  1.75GB
Ours 15.83(seconds) 1.75 GB

Table 13. Training Time taken per epoch (in seconds) and peak
GPU memory usage for 16-shot experiment on Flower [15] datasets

ment or Orthogonality-based class-wise dispersion [19] on
novel classes.

11. Computational Analyses

To analyse the computational and memory overhead,
we measured training time and peak GPU memory on
Flower101[15] 16-shot with ViT-B/16, using the original
MaPLe[ | 1] configuration as baseline. Compared to MaPLe,
our method has less training time and the same GPU usage.

12. Regularizer in scale:

In Fig. 3 and Tab. 14, we log gradient-norm ratios to
check optimisation-scale dominance. For the margin regu-

larizer Livargin = Lmean + Lyar With Lipean = —aE[m] and
Ly, =  Var(m), and measure pmargin = %, which

is bounded (median 2.65; 10-90% [1.54, 5.07]), indicating
comparable contributions of the linear mean and quadratic
variance terms. For moment matching, with L, = ||Ap||3

Vo (Amom L :
and Ly, = ||AX||%, we 10g pmom = m, which

after a brief transient stabilises and shows no covariance-

term dominance (median 16.92; 10-90% [10.5, 80.84]).

. Vg Linom
Across regularizers, pmom/margin = W stays near

a constant scale (median 0.38; 10-90% [0.18, 1.30]), and
both remain non-trivial yet typically subdominant to CE:

_ Vo Lmarginll — |IVeL
Prmargin/CE = m and pmom/cE = % have me-
dians 0.28 and 0.17. Thus, our objective is well-conditioned

despite mixed-order terms. ¢ = 1072 only for numerical
stability.
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