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1. Experiments

1.1. Detailed Setup for Experiments

In this paper, we report the accuracy of various models on
ID and OOD datasets under different noise settings. Specif-
ically, Tables 1 and 2 provide detailed training and test set
splits for the ID and OOD datasets, while Table 3 summa-
rizes the configurations of large-scale models pretrained on
real-world noisy data.

In our experiments, we follow the experimental setup
of NMTune to ensure a fair comparison between different
methods and to validate the effectiveness of the proposed
method across multiple tasks. The experiments involve
various mainstream fine-tuning strategies, including Linear
Probe (LP), Multilayer Perceptron fine-tuning (MLP), NM-
Tune, and the method proposed in this paper. To ensure the
fairness of performance comparisons, all methods adopt as
consistent optimizer configurations and training parameters.

Specifically, for LP, we set the learning rate to 0.1 and
the weight decay to 0. For MLP, NMTune, and the pro-
posed method, we uniformly use a learning rate of 0.001
and a weight decay of 1e-4. The optimizer employed is
AdamW, with a batch size of 64 and 30 training iterations
for all methods. All methods are fine-tuned under a black-
box setting, where the backbone remains frozen throughout
training. The projection module is uniformly designed as a
two-layer fully connected network (i.e., an MLP following
the structure in [1]): the first layer maps the input feature
dimension D to 4D with a ReLU activation function, fol-
lowed by the second layer that projects it back to the origi-
nal dimension D. This structure strikes a good balance be-
tween computational efficiency and expressive power, and
is validated as stable and effective in prior research. Unless
otherwise specified, the default noise type used in Feature
Perturbation Consistency is salt-and-pepper noise, with an
injection ratio of 10%. All experiments are conducted on
NVIDIA V100 GPUs. Each experiment is repeated three
times with different random seeds, and we report the aver-
age performance across runs.

1.2. Detailed Results for Experiments

Figures 1, 5, 6, and 7 further demonstrate the detailed exper-
imental results of the two models across different datasets
under the synthetic noise setting.

Table 1. In-domain (ID) datasets for ID evaluation.

Dataset Classes Train Size Test Size Evaluation Metric

CIFAR-10 [9] 10 50,000 10,000 accuracy
CIFAR-100 [9] 100 50,000 10,000 accuracy
Flowers102 [12] 102 2,040 6,149 mean per class
Food101 [4] 101 75,750 25,250 accuracy
OxfordPet [13] 37 3,680 3,669 mean per class
StanfordCars [8] 196 8,144 8,041 accuracy
DTD [2] 47 1,880 1,880 accuracy
Caltech101 [4] 102 3,060 6,084 mean per class

Table 2. Out-of-domain (OOD) datasets for OOD evaluation.

Dataset Classes Train Size Test Size Evaluation Metric

DomainNet Sketch [14] 345 48,212 20,916 accuracy
DomainNet Real [14] 345 120,906 52,041 accuracy
DomainNet Painting [14] 345 - 21,850 accuracy
DomainNet Clipart [14] 345 - 14,604 accuracy

Table 3. Overview of Pretrained Models under Real-World Noise
Settings.

Model pretrained Data pretrained Method Param. Size (M)

EfficientNet-B3 [18] JFT-300M [6] Noisy Student [19] 12.23
ResNetv2-152x2 [5] ImageNet-21K [16] BiT [7] 236.34
Swin-L [10] ImageNet-21K [7] Supervised [10] 196.74
ViT-L [3] Laion-2B [17] CLIP [15] 304.20
ConvNext-L [11] Laion-2B [17] CLIP [15] 200.13

1.3. Detailed Results for In-Depth Analysis Experi-
ments

1.3.1. Analysis on Mitigating Noisy Data
To gain deeper insights into the noise robustness mechanism
of our proposed method, we design a series of feature space
visualization experiments to compare the feature distribu-
tion differences across various methods on two representa-
tive tasks: DomainNetSketch and CIFAR-100. Specifically,
we extract the high-dimensional feature representations out-
put by the models during the final training iteration and em-
ploy t-SNE to reduce their dimensionality to a 2D space,
enabling intuitive observation of the learned feature struc-
tures. For each dataset, we randomly select five categories
for visualization to enhance image readability and compara-
bility. It is worth noting that the DomainNetSketch dataset
contains 345 categories, while CIFAR-100 comprises 100
categories.

We repeat this process under multiple pretraining noise
ratio settings, including 0%, 5%, 10%, 20%, and 30%. The
results are further presented in Figures 8, 9, 10, and 11.
These visualizations demonstrate that, compared to other
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Figure 1. ImageNet-1K pretrained ResNet-50 in-domain (ID) evaluation results
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Figure 2. Evaluation of the ResNet-50/ImageNet-1K model on CIFAR-100 at various noise ratios.

methods, our approach consistently exhibits stronger fea-
ture structure stability across all pretraining noise levels: it
not only maintains compact intra-class sample distributions
but also enhances the clarity of boundaries between differ-
ent categories, resulting in superior inter-class separability.

1.3.2. Analysis on Downstream Noise Robustness
Furthermore, we investigate a more complex scenario
where label noise exists simultaneously during both pre-
training and downstream task phases. For the downstream
phase, we select the CIFAR-10 and CIFAR-100 datasets,
which are commonly used for studying label noise robust-

ness. We construct symmetric label noise by randomly and
uniformly permuting the labels of each category in the train-
ing set, with noise ratios set to {0%, 10%, 20%, 30%, 40%,
50%}. The performance of the two models under different
noise ratios is presented in Figures 2, 3, and 4, respectively.

The results show that as the noise ratio in the down-
stream data increases, our proposed method exhibits signif-
icantly more robust performance compared to mainstream
approaches. Notably, under high noise levels, the perfor-
mance degradation of our model is markedly more gradual,
further validating the superiority of the proposed method in
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Figure 3. Evaluation of the ResNet-50/YFCC15M model on CIFAR-10 at various noise ratios.
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Figure 4. Evaluation of the ResNet-50/ImageNet-1K model on CIFAR-10 at various noise ratios.

complex noise environments.

1.4. Additional Experiments
1.4.1. Visualization of Feature Evolution in Feature Per-

turbation Consistency
To better demonstrate the learning process in Feature Per-
turbation Consistency, our experiments further analyze the
evolutionary trends of original features and perturbed fea-
tures (obtained by injecting noise into the original features)
on DomainNetSketch and CIFAR-100 (with five randomly
selected categories). Specifically, we illustrate the train-
ing process of a ResNet-50 model pretrained on ImageNet-
1K under varying synthetic noise ratios. The results (Fig-
ures 12, 13, 14, 15, 16) show that as training progresses,
the model’s feature representations gradually evolve to-
ward greater discriminability, rather than merely aligning
the original features and perturbed features. Under high
noise ratios, the model effectively suppresses noise inter-
ference through the geometric direction consistency con-
straint, making features of the same class more compact and
those of different classes better separated, demonstrating
enhanced geometric structure stability. This phenomenon
consistently appears across both the cross-domain Domain-
NetSketch and in-domain CIFAR-100 datasets, highlighting
the robustness and generalization capability of the proposed
method in different noise environments.

1.4.2. Applicability of Other Fine-tuning Methods
To further evaluate the robustness and generality of our ap-
proach, we extend the experiments to different fine-tuning
strategies, including both full fine-tuning and parameter-
efficient fine-tuning. Table 4 presents the comparison re-
sults. Specifically, we adopt ResNet-50 models pretrained
on ImageNet-1K with varying noise levels (0%, 5%, and
20%) and validate them on OOD generalization tasks, us-
ing DomainNetSketch as the training set and all four tar-
get domains for evaluation. In the full fine-tuning setting,
our method consistently outperforms the vanilla full fine-
tuning baseline across all tasks. The averaged results show
stable gains under each configuration, demonstrating that
our method can also effectively adapt to the full fine-tuning
paradigm.

We also investigate the applicability under parameter-
efficient fine-tuning using Swin-L with LoRA. As shown
in the lower block of Table 4, our method significantly im-
proves over LoRA on all tasks, with the average score rising
from 0.6386 to 0.6759. This indicates that the proposed ap-
proach is not only compatible with parameter-efficient tun-
ing but also enhances its effectiveness.

1.4.3. Computational Complexity
We analyze the computational overhead introduced by the
three proposed modules. The time and memory complexi-
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Figure 5. ImageNet-1K pretrained ResNet-50 out-of-domain (OOD) evaluation results

Table 4. Comparison with other fine-tuning methods under differ-
ent settings. We compare different methods on 4 tasks for out-of-
domain (OOD) evaluation. We perform training on DomainNetS-
ketch (S), and evaluate on DomainNetSketch (S), DomainNetReal
(R), DomainNetPainting (P), and DomainNetClipart (C) without
the training set.

Model Method S→S S→C S→P S→R Avg

RN50/IN-1K-0% Full FT 0.6533 0.4057 0.2506 0.3062 0.4039
Ours 0.6665 0.4388 0.2883 0.3355 0.4323

RN50/IN-1K-5% Full FT 0.6516 0.3996 0.2575 0.3130 0.4054
Ours 0.6659 0.4380 0.2887 0.3315 0.4310

RN50/IN-1K-20% Full FT 0.6503 0.3961 0.2502 0.3097 0.4016
Ours 0.6690 0.4365 0.2843 0.3330 0.4307

Swin-L LoRA 0.7632 0.6413 0.5004 0.6496 0.6386
Ours 0.7735 0.6770 0.5556 0.6975 0.6759

ties are summarized in Table 5.

As shown, FPC requires additional class-aware oper-
ations, leading to slightly higher complexity compared
to FCD and VAR. However, both FCD and VAR are
lightweight, with linear dependence on the batch size and
feature dimension. Overall, the overhead remains marginal
and does not hinder training scalability.

Table 5. Time and memory complexity of different modules. B
denotes the batch size, D the feature dimension, and C the number
of classes.

Module Time Complexity Memory Complexity

FPC O(B ×D) +O(B × C) O(B ×D +B × C)
FCD O(B ×D) O(B ×D)
VAR O(B ×D) O(B ×D)

1.4.4. Hyperparameter Sensitivity Analysis

We further conduct a comprehensive analysis on the sensi-
tivity of loss weights for the three modules in our frame-
work. The evaluation is carried out on OOD tasks us-
ing ResNet-50 models pretrained on ImageNet-1K and
YFCC15M, under clean, 5% noise, and 20% noise pretrain-
ing settings. Training is performed on DomainNetSketch
and tested on the remaining domains (DomainNetSketch,
DomainNetReal, DomainNetPainting, and DomainNetCli-
part), excluding the training domain.

The results in Table 6 provide an overview of the com-
bined effects of different weight configurations. In addi-
tion, we supplement the analysis with three dedicated exper-
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Figure 6. YFCC15M pretrained ResNet-50 in-domain (ID) evaluation results

iments, each varying only one module’s loss weight while
fixing the others, to better disentangle their individual con-
tributions. The results are summarized in Table 7, Table 8,
and Table 9, respectively.

Overall, the findings can be summarized as follows: (i)
Larger weights for LFCD (e.g., 0.4–0.8) generally yield bet-
ter results on YFCC15M, showing its stronger role under
noisy pretraining. (ii) LFPC achieves stable and robust per-
formance within the range 0.03–0.05, particularly in the
presence of high pretraining noise. (iii) LVAR exhibits rel-
atively minor sensitivity, with smaller values (e.g., 0.0001)
often leading to better outcomes, consistent with the intu-
ition that spurious features are less influential, especially in
low-noise cases. Taken together, these observations indicate
that the three modules provide complementary benefits, and
our method maintains strong tolerance to variations in loss
weight settings.

Regarding the hyperparameter search process, we
adopted a staged strategy. Specifically, we first tuned the
weight of LFPC independently, and then fixed its optimal
value while jointly searching the hyperparameters of LVAR

and LFCD. This design was intended to better simulate
practical scenarios where multiple loss functions need to
operate collaboratively.

It is worth noting that the absolute scales of the three

losses differ significantly: LFCD is approximately on the
order of 10−1, LFPC is around 100, while LVAR tends to be
the largest, close to 101. Therefore, the relative magnitude
of the assigned weights should not be interpreted as the rel-
ative importance of the losses. Instead, these values should
be understood in conjunction with the inherent scales of the
loss terms.
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Figure 7. YFCC15M pretrained ResNet-50 out-of-domain (OOD) evaluation results



Figure 8. t-SNE visualization comparing the projected features of ResNet-50/ImageNet-1K model (γ = 0%) fine-tuned with LP, MLP,
NMTune, and the proposed method.

Figure 9. t-SNE visualization comparing the projected features of ResNet-50/ImageNet-1K model (γ = 5%) fine-tuned with LP, MLP,
NMTune, and the proposed method.



Figure 10. t-SNE visualization comparing the projected features of ResNet-50/ImageNet-1K model (γ = 10%) fine-tuned with LP, MLP,
NMTune, and the proposed method.

Figure 11. t-SNE visualization comparing the projected features of ResNet-50/ImageNet-1K model (γ = 30%) fine-tuned with LP, MLP,
NMTune, and the proposed method.



Figure 12. t-SNE trajectories of projected original features (Original) and perturbed features (Noisy) during fine-tuning on DomainNetS-
ketch and CIFAR-100, using ResNet-50/ImageNet-1K (γ = 0%).



Figure 13. t-SNE trajectories of projected original features (Original) and perturbed features (Noisy) during fine-tuning on DomainNetS-
ketch and CIFAR-100, using ResNet-50/ImageNet-1K (γ = 5%).



Figure 14. t-SNE trajectories of projected original features (Original) and perturbed features (Noisy) during fine-tuning on DomainNetS-
ketch and CIFAR-100, using ResNet-50/ImageNet-1K (γ = 10%).



Figure 15. t-SNE trajectories of projected original features (Original) and perturbed features (Noisy) during fine-tuning on DomainNetS-
ketch and CIFAR-100, using ResNet-50/ImageNet-1K (γ = 20%).



Figure 16. t-SNE trajectories of projected original features (Original) and perturbed features (Noisy) during fine-tuning on DomainNetS-
ketch and CIFAR-100, using ResNet-50/ImageNet-1K (γ = 30%).



Table 6. Sensitivity analysis of different loss weights on OOD
tasks. Results are reported on ResNet-50 models pretrained on
ImageNet-1K and YFCC15M under 0%, 5%, and 20% pretraining
noise.

LFCD LFPC LVAR Noise (%) ImageNet-1K Acc YFCC15M Acc

0.1 0.01 0.0001
0 0.4367 0.3221
5 0.4255 0.3087
20 0.4073 0.2871

0.1 0.05 0.0001
0 0.4391 0.3241
5 0.4291 0.3141
20 0.4100 0.2913

0.1 0.03 0.001
0 0.4411 0.3166
5 0.4345 0.3076
20 0.4155 0.2879

0.8 0.01 0.0001
0 0.4269 0.3211
5 0.4241 0.3127
20 0.4001 0.2900

0.8 0.05 0.0001
0 0.4387 0.3277
5 0.4319 0.3195
20 0.4115 0.2956

0.8 0.03 0.001
0 0.4397 0.3181
5 0.4312 0.3050
20 0.4122 0.2896

0.4 0.01 0.0001
0 0.4399 0.3179
5 0.4317 0.3104
20 0.4133 0.2876

0.4 0.05 0.001
0 0.4386 0.3123
5 0.4322 0.3055
20 0.4145 0.2831

0.4 0.03 0.001
0 0.4370 0.3101
5 0.4299 0.2988
20 0.4089 0.2865

Table 7. Sensitivity analysis of LFPC weights. Results are re-
ported on ResNet-50 models pretrained on ImageNet-1K with 0%,
5%, and 20% pretraining noise, and evaluated on four out-of-
domain (OOD) tasks: training on DomainNetSketch (S), and eval-
uating on DomainNetSketch (S), DomainNetReal (R), Domain-
NetPainting (P), DomainNetClipart (C) without the training set.

Noise (%) LFPC weight S→S S→C S→P S→R Avg

0

0.01 0.5602 0.3507 0.3323 0.4853 0.4321
0.03 0.5629 0.3516 0.3346 0.4821 0.4328
0.04 0.5673 0.3512 0.3367 0.4843 0.4349
0.05 0.5652 0.3523 0.3377 0.4843 0.4349

5

0.01 0.5588 0.3464 0.3207 0.4656 0.4229
0.03 0.5651 0.3459 0.3273 0.4722 0.4276
0.04 0.5674 0.3521 0.3262 0.4775 0.4308
0.05 0.5680 0.3502 0.3337 0.4761 0.4320

20

0.01 0.5463 0.3233 0.3107 0.4460 0.4066
0.03 0.5474 0.3229 0.3135 0.4471 0.4077
0.04 0.5495 0.3197 0.3111 0.4525 0.4082
0.05 0.5496 0.3205 0.3143 0.4517 0.4090

Table 8. Sensitivity analysis of LVAR weights. Results are re-
ported on ResNet-50 models pretrained on ImageNet-1K with 0%,
5%, and 20% pretraining noise, and evaluated on four out-of-
domain (OOD) tasks: training on DomainNetSketch (S), and eval-
uating on DomainNetSketch (S), DomainNetReal (R), Domain-
NetPainting (P), DomainNetClipart (C) without the training set.

Noise (%) LVAR weight S→S S→C S→P S→R Avg

0

0.0001 0.5632 0.3504 0.3281 0.4751 0.4292
0.001 0.5693 0.3507 0.3313 0.4770 0.4321
0.005 0.5716 0.3469 0.3291 0.4705 0.4295
0.01 0.5695 0.3492 0.3289 0.4711 0.4297

5

0.0001 0.5599 0.3418 0.3156 0.4581 0.4189
0.001 0.5666 0.3447 0.3133 0.4573 0.4205
0.005 0.5713 0.3416 0.3218 0.4570 0.4229
0.01 0.5671 0.3396 0.3183 0.4537 0.4197

20

0.0001 0.5439 0.3214 0.3056 0.4381 0.4023
0.001 0.5539 0.3218 0.3027 0.4300 0.4021
0.005 0.5521 0.3157 0.3005 0.4261 0.3986
0.01 0.5450 0.3125 0.2902 0.4181 0.3915

Table 9. Sensitivity analysis of LFCD weights. Results are re-
ported on ResNet-50 models pretrained on ImageNet-1K with 0%,
5%, and 20% pretraining noise, and evaluated on four out-of-
domain (OOD) tasks: training on DomainNetSketch (S), and eval-
uating on DomainNetSketch (S), DomainNetReal (R), Domain-
NetPainting (P), DomainNetClipart (C) without the training set.

Noise (%) LFCD weight S→S S→C S→P S→R Avg

0

0.1 0.5501 0.3458 0.3163 0.4665 0.4197
0.4 0.5506 0.3422 0.3186 0.4642 0.4189
0.8 0.5491 0.3468 0.3170 0.4654 0.4196
1.0 0.5534 0.3494 0.3150 0.4649 0.4207

5

0.1 0.5488 0.3393 0.3099 0.4510 0.4123
0.4 0.5479 0.3440 0.3131 0.4509 0.4140
0.8 0.5518 0.3481 0.3058 0.4546 0.4151
1.0 0.5510 0.3426 0.3112 0.4586 0.4159

20

0.1 0.5383 0.3176 0.2949 0.4340 0.3962
0.4 0.5388 0.3175 0.3024 0.4368 0.3989
0.8 0.5394 0.3185 0.2957 0.4373 0.3977
1.0 0.5368 0.3199 0.3019 0.4325 0.3978
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