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Abstract

Existing fine-tuning methods for pre-trained models, in-001
cluding parameter-efficient transfer learning (PETL) ap-002
proaches, suffer from severe feature forgetting in deep lay-003
ers due to progressive spectral decay. To address this004
issue, we present Dual-Dimensional Residual Side Tun-005
ing (D2-RST), a novel PETL framework designed to mit-006
igate feature forgetting by jointly optimizing aggregated007
features, i.e., residuals, across both embedding and spa-008
tial dimensions. Specifically, D2-RST employs a dual-block009
side tuning structure: Collect Blocks extract inter-layer010
information into residuals while Feed Blocks strategically011
reintegrate them back into the backbone. This parallel012
processing framework with low-rank linear mappings ap-013
plied to residuals effectively stabilizes low-frequency com-014
ponents while reducing memory cost. Additionally, D2-015
RST introduces a spatial-dimension pathway in parallel016
with the conventional feature-dimension pathway, followed017
by cross-dimensional fusion via learnable scalars at each018
Feed Block, thereby effectively suppressing low-frequency019
attenuation in deeper layers. To further reduce redundancy,020
we propose a parameter-sharing strategy for LoRA matri-021
ces within Collect Blocks, where low-rank projections are022
shared across multiple layers. Extensive experiments on023
several benchmarks demonstrate that D2-RST not only out-024
performs existing PETL methods in accuracy but also sig-025
nificantly reduces parameter overhead by explicitly sup-026
pressing deep-layer feature forgetting.027

1. Introduction028

The paradigm of large-scale pre-training followed by fine-029
tuning has become the cornerstone of modern machine030
learning, driving significant advancements across various031
domains such as natural language processing, computer vi-032
sion, and beyond. As the scale of these pre-trained models033
continues to expand, fine-tuning the entire parameter set has034
become increasingly impractical due to prohibitive compu-035
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Figure 1. Comparison of architectures for side tuning methods. In
all subfigures, blue, green, and orange elements respectively rep-
resent the frozen backbone network, bridge blocks that directly
process backbone information, and side paths responsible for pro-
cessing aggregated features. (a): LST combines bridge blocks and
side paths. (b): DTL utilizes only bridge blocks. (c): D2-RST /
RST employs only side paths, focusing on aggregated feature pro-
cessing.

tational and memory demands. This challenge is particu- 036
larly pronounced in scenarios with limited computational 037
resources or when deploying models on edge devices. 038

Parameter-Efficient Transfer Learning (PETL) has 039
emerged as a promising solution to these challenges. PETL 040
approaches aim to adapt large pre-trained models to new 041
tasks by updating only a small subset of parameters, thereby 042
reducing the computational overhead and minimizing the 043
risk of overfitting. Among them, side tuning strategies 044
can mitigate the memory challenges inherent in fine-tuning 045
large pre-trained models. These strategies decouple the 046
trainable modules from the backbone network by introduc- 047
ing parallel side networks or lightweight modules to effec- 048
tively reduce GPU memory usage. By eliminating the need 049
to store extensive intermediate gradients within the back- 050
bone network, side tuning not only maintains parameter 051
efficiency but also enhances the feasibility of fine-tuning 052
large-scale models in resource-limited settings. 053
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(a) Spatial-dimension spectral map of DTL.
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(b) Spatial-dimension spectral map of RST.
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(c) Spatial-dimension spectral map of D2-RST.

Figure 2. Spatial-dimension spectral map of various architectures. (a) DTL. (b) RST. (c) D2-RST. DTL has the lowest low-frequency
magnitude, while RST enhances the low-frequency magnitude. D2-RST further focuses on the low-frequency component and suppresses
the high-frequency noise.

Despite reducing memory consumption by decoupling054
the trainable components, existing side tuning methods of-055
ten suffer from severe feature forgetting in deeper layers due056
to progressive spectral decay and unstable low-frequency057
energy ratios across layers. These limitations result in058
suboptimal preservation of both global structural patterns059
(low-frequency components) and local discriminative de-060
tails (high-frequency components), which can impede the061
overall performance and adaptability of fine-tuned models,062
especially in tasks requiring nuanced feature representa-063
tions or operating under low-data regimes. In Figure 1, we064
compare the architectures of widely used side tuning meth-065
ods.066

To address these fundamental drawbacks, we propose067
Residual Side Tuning (RST), a novel PETL framework068
that stabilizes low-frequency components through low-rank069
linear mappings applied to aggregated features (residu-070
als). RST employs a dual-block architecture, where Collect071
Blocks extract inter-layer information into residuals, while072
Feed Blocks reintegrate them back into the backbone. RST073
focuses on residuals rather than raw backbone features to074
explicitly suppress spectral degradation and mitigate deep-075

layer feature forgetting. 076

Building upon RST, we further propose Dual- 077
Dimensional Residual Side Tuning (D2-RST) to 078
explicitly mitigate low-frequency attenuation. D2-RST 079
introduces a spatial-dimension pathway in parallel with 080
the conventional feature-dimension pathway at each Feed 081
Block, and achieves cross-dimensional fusion via learnable 082
scalars. This dual-path design decouples spectral dynamics 083
across embedding and spatial domains to further mitigate 084
low-frequency attenuation in deeper layers, as shown in 085
Figure 2 and 3(a). The forgetting phenomenon is also 086
implied by layer-wise correlations between aggregated 087
features and backbone features, as presented in Figure 3(b) 088
and (c). Additionally, we implement a parameter-sharing 089
strategy for LoRA matrices within Collect Blocks to 090
simultaneously leverage model parameters through shared 091
adaptations across multiple layers and preserve the diversity 092
of extracted features. Our contributions can be summarized 093
as follows: 094

1. We identify that the rapid decay of low-frequency infor- 095
mation causes feature forgetting and is the bottleneck of 096
existing side tuning methods. 097
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(a) Frequency ratio of various models.
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(c) Feature similarity of (D2-)RST.

Figure 3. (a) The frequency ratio of various models. (b)(c) The layer-wise correlation analysis measuring similarity (cosine similarity)
between aggregated features and corresponding backbone layer inputs across all preceding blocks, where (c) (D2-)RST demonstrates
stronger inter-layer correlations compared to (b) DTL, indicating less information forgetting.

2. We propose RST, a novel PETL framework that employs098
low-rank linear mappings on aggregated features within099
a dual-block architecture to significantly stabilize low-100
frequency components. We extract inter-layer informa-101
tion into residuals with Collect Blocks and reintegrate102
them back into the backbones using Feed Blocks.103

3. We further develop D2-RST by introducing a dual-104
dimensional adaptation mechanism in Feed Blocks,105
where spatial-dimension pathways are introduced to106
complement feature-dimension processing. By enforc-107
ing explicit modeling of spatial patterns and cross-108
dimensional feature fusion, D2-RST enhances low-109
frequency feature magnitude and energy through cross-110
dimensional interactions.111

To comprehensively evaluate the effectiveness of D2-112
RST, we conduct extensive experiments across multiple113
benchmarks, including VTAB-1K [30], VTAB-100 built114
on VTAB-1K, few-shot learning, and domain generaliza-115
tion. Our experiments demonstrate that D2-RST consis-116
tently outperforms existing PETL methods in accuracy, par-117
ticularly in low-shot learning scenarios. Additionally, it ex-118
hibits favorable scaling properties as model size increases.119
Ablation studies further confirm the contributions of key120
components of D2-RST.121

2. Related Work122

Challenges in Fine-Tuning Large Pre-Trained Models123
Large pre-trained models have significantly advanced fields124
such as natural language processing (NLP), computer vi-125
sion (CV), and vision-language (VL) tasks by leverag-126
ing vast datasets to develop comprehensive and generaliz-127
able representations. However, fine-tuning [6, 12] these128
massive models for specific downstream tasks is compu-129
tationally expensive and memory-intensive. Additionally,130
fully fine-tuning all parameters can lead to catastrophic for-131

getting, where the model loses its pre-trained knowledge 132
when adapting to new tasks. Traditional fine-tuning ap- 133
proaches like linear probing [3, 28] , which involve training 134
only a linear classifier on frozen features, often underper- 135
form compared to full fine-tuning, highlighting the need for 136
methods that balance parameter efficiency and training re- 137
source requirements. 138

Parameter-Efficient Transfer Learning (PETL) Meth- 139
ods Recent advances in parameter-efficient transfer 140
learning have produced diverse adaptation strategies. 141
Adapters [4, 11] introduce trainable bottleneck layers be- 142
tween transformer blocks for task-specific feature trans- 143
formation, while LoRA [13] achieves parameter reduction 144
through low-rank decomposition of weight update matri- 145
ces. BitFit [1] demonstrates surprising effectiveness by se- 146
lectively updating bias terms, establishing a minimalistic 147
tuning paradigm. In vision domains, VPT [14] pioneers 148
learnable prompt injection at transformer inputs, whereas 149
SSF [18] enables feature adaptation through element-wise 150
scaling and shifting operations. Fact [16] enhances low- 151
rank tuning efficiency via tensor decomposition techniques, 152
and ConvPass [15] incorporates convolutional layers for lo- 153
calized spatial adaptation. NOAH [33] further advances the 154
field by automating architecture selection across multiple 155
PETL components through neural architecture search. 156

Side-Tuning Methods Side Tuning [32] enhances pre- 157
trained backbone networks by integrating auxiliary side 158
networks without modifying the backbone’s original pa- 159
rameters, reducing fine-tuning memory overhead and en- 160
abling efficient knowledge transfer. Ladder Side-Tuning 161
(LST) [25] separates trainable parameters from the back- 162
bone with a lightweight side network, effectively reduc- 163
ing memory consumption but potentially degrading perfor- 164
mance on challenging tasks. LoSA [21] utilizes low-rank 165
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Figure 4. The architecture of D2-RST. The backbone blocks are frozen (shaded in gray). As for the side tuning path, the first six blocks
are Collect Blocks (shaded in light blue), responsible for aggregating features from the backbone network. The sequential blocks, referred
to as Feed Blocks, in which the upper and lower pathways respectively process the feature dimension and spatial dimension of the image.
The outputs from the two pathways are aggregated with their contribution adjusted by a gating function g after each block. The aggregated
information is then fed back to the backbone. The Feed Blocks of RST only have the upper Blocks, with the rest of the architecture
remaining the same as in D2-RST.

side adaptors and prevents gradient flow within the back-166
bone, resulting in a substantial reduction in memory usage.167
Disentangled Transfer Learning (DTL) [8] builds on LST168
by introducing a Compact Side Network (CSN) with low-169
rank linear mappings, reducing memory footprint and im-170
proving performance on difficult tasks. Figure 1 shows the171
main structure of them.172

These existing side-tuning-based PETL methods demon-173
strate the potential for enhancing backbone networks ef-174
ficiently. However, they often struggle with preserving175
low-frequency information. To address this shortcoming,176
we propose a novel RST and D2-RST, enhancing low-177
frequency feature magnitude and energy while maintaining178
parameter efficiency.179

3. Method180

We introduce Dual-Dimensional Residual Side Tuning (D2-181
RST), a novel parameter-efficient transfer learning frame-182
work, as shown in Figure 4. Section 3.1 details its dual-183
block structural design (also the structure of RST). We then184
present the dual-dimensional design in Section 3.2. Finally,185
we describe our parameter sharing strategy within Collect186
Blocks in Section 3.3.187

3.1. Dual-Block Architecture with Low-Rank Map-188
ping for Residuals189

3.1.1. Dual-Block Framework190

(D2-)RST employs a dual-block framework comprising191
Collect Blocks and Feed Blocks, which operate in parallel192
to specific sections of the frozen backbone network, thereby193
preserving its pre-trained knowledge. Only the Collect and194
Feed Blocks are learnable and updated during training. The195
architecture of D2-RST is shown in Figure 4, where the only196

difference between D2-RST and RST is that RST only con- 197
tains the upper pathway of Feed blocks. 198

Collect Blocks are aligned with the first six blocks of 199
the Vision Transformer (ViT) backbone, while Feed Blocks 200
correspond to the last six blocks. These blocks extract inter- 201
layer residuals that capture task-specific features through 202
low-rank linear mappings, efficiently aggregating side in- 203
formation. During forward propagation, Collect Blocks 204
gather residuals from the initial backbone layers, which 205
Feed Blocks then reintegrate back into the backbone. This 206
reintegration allows the backbone to adapt its feature repre- 207
sentations based on the aggregated and refined task-specific 208
information from the side path. 209

In backward propagation, gradients flow exclusively 210
through the side path and the last six backbone blocks par- 211
allel to the Feed Blocks, limiting gradient backpropagation 212
to the middle of the backbone and thus reducing memory 213
usage. Unlike Ladder Side-Tuning (LST), which does not 214
reintegrate information before the output layer, (D2-)RST 215
enables gradient flow through the latter backbone layers. 216
This design achieves a balanced trade-off between perfor- 217
mance and memory efficiency, enhancing the model’s abil- 218
ity to adapt to new tasks while maintaining lower memory 219
consumption and preserving the integrity of the backbone’s 220
pre-trained knowledge. 221

3.1.2. Low-Rank Linear Mapping for Residuals 222

To alleviate the forgetting of useful low-frequency informa- 223
tion in deeper layers, we implement low-rank linear map- 224
ping on the residuals extracted by both Collect Blocks and 225
Feed Blocks, instead of on the inputs of backbone blocks. 226
To be mentioned, the item “residuals” refers to aggregated 227
features. We propose two propositions as follows, and the- 228
oretically prove them in Appendix A. To be mentioned, we 229
only derive the case of RST, and the conclusion is also ap- 230
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plicable to D2-RST due to their similar structure.231

Proposition 1 (Feature Aggregation Dynamics). For ViT232
blocks with feature dimension m and low-rank adaptation233
rank r, let A(i) ∈ Rm×r and B(i) ∈ Rr×m denote the234
LoRA matrices at layer i. The aggregated features under235
DTL and RST architectures respectively, satisfy:236

DTL:237

s
(i)
1 |k = B(k)⊤A(k)⊤x(k) (1)238

exhibiting uniform attention over historical features.239
RST:240

s
(i)
2 |k = B(i)⊤DkA

(k+1)⊤ ·B(k)⊤A(k)⊤x(k) (2)241

establishing layer-adaptive feature composition through242
matrix chain multiplication.243

Proof. Please refer to Appendix A.1.244

Proposition 2 (Gradient Sensitivity Characterization). The245
sensitivity of aggregated features to backbone activations246
reveals fundamental architectural differences:247

DTL:248

∂s
(i)
1

∂x(k)⊤ |l = B(l)⊤A(l)⊤ ∂x(l)

∂x(k)⊤ (3)249

RST:250

∂s
(i)
2

∂x(k)⊤ |l =
i−l∏
j=0

B(i−j)⊤A(i−j)⊤ ∂x(l)

∂x(k)⊤251

= B(i)⊤DlA
(l+1)⊤B(l)⊤A(l)⊤ ∂x(l)

∂x(k)⊤ (4)252

where Dl ∈ Rr×r is an implicit scaling matrix. The addi-253
tional term B(i)⊤DlA

(l+1)⊤ in RST enables adaptive noise254
filtering through layer-wise decoding.255

Proof. Please refer to Appendix A.2.256

Comparing Equations (1) and (2), s(k)2 has an additional257

item B(i)⊤DkA
(k+1)⊤, which implies that the information258

extracted from the preceding layers will be decoded by the259
decoder of the current layer. This reveals that applying a260
low-rank linear mapping to the aggregated information can261
make the features of the historical layers more compatible262
with the current features, thereby enhancing the model’s263
overall information extraction capabilities.264

Comparing Equations (3) and (4), s(k)2 has an additional265

item B(i)⊤DlA
(k+1)⊤, which implies that the sensitivity266

will be decoded by the decoder of the current layer. This re-267
veals that our architecture can reduce the sensitivity to noise268
and irrelevant information introduced by the backbone net-269
work by filtering and refining residuals before reintegration,270
thus exhibiting a higher ratio of low-frequency energy as il-271
lustrated in Figure 2 and Figure 3.272

3.2. Dual-Dimensional Design for Explicit Spatial 273
Modeling 274

To further enhance the capability of D2-RST in mitigat- 275
ing feature forgetting, we introduce a dual-dimensional de- 276
sign that explicitly models the spatial dimension of image 277
features. As illustrated in Figure 4, the dual-dimensional 278
design integrates a parallel pathway dedicated to process- 279
ing the spatial dimension alongside the conventional fea- 280
ture dimension. This dual-path structure allows for simulta- 281
neous handling of both embedding and spatial dimensions, 282
thereby enriching the aggregated feature representations. 283

In the dual-dimensional framework, each Feed Block 284
comprises two distinct pathways: an upper pathway that 285
processes the feature dimension and a lower pathway dedi- 286
cated to the spatial dimension. After each processing step, 287
the outputs from these two pathways are aggregated using a 288
gating function g, implemented as a learnable scalar. This 289
gating mechanism dynamically adjusts the contribution of 290
each pathway, ensuring a balanced integration of feature 291
and spatial information. The aggregated output is then rein- 292
tegrated into the backbone network, allowing the model to 293
refine its feature representations based on the combined spa- 294
tial and feature dimension information. 295

As shown in Figure 2 and Figure 3, by explicitly model- 296
ing the spatial dimension, the dual-dimensional design not 297
only stabilizes the low-frequency components but also fos- 298
ters a more robust interaction between spatial and feature 299
dimensions. This interaction further suppresses the attenu- 300
ation of low-frequency energy in the deeper layers, leading 301
to more stable and enriched feature representations. 302

3.3. Encoder Parameter Sharing Strategy 303

To further reduce redundancy and optimize parameter ef- 304
ficiency, (D2-)RST employs a parameter-sharing strategy 305
within the Collect Blocks. Specifically, we share the LoRA- 306
A matrices across multiple Collect Blocks, allowing the 307
low-rank projections to be reused across different layers. 308
This strategy decreases the number of trainable parameters 309
by 21% without compromising the model’s ability to cap- 310
ture and aggregate task-specific features. By sharing these 311
adapters, we maintain the flexibility and expressiveness of 312
individual blocks while achieving substantial reductions in 313
overall parameter overhead. 314

To identify the effect of parameter sharing, we conduct t- 315
SNE on the aggregated features of RST with or without pa- 316
rameter sharing and visualize the feature richness of them in 317
Section C.4. As shown in Figure 6, parameter sharing does 318
not compromise the feature richness of learned features. 319

The conclusions derived in Section 3.1 remain applica- 320
ble and are even presented in a clearer form, as proved in 321
Appendix B. 322

323
Based on the methodologies, we construct four variants 324
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Figure 5. Top-1 accuracy on fine-grained few-shot benchmark with ViT-B/16 as the backbone. Note that our approach outperforms all
baseline methods.

of the (Dual-Dimensional) Residual Side Tuning frame-325
work: RST, RST-NS, D2-RST, D2-RST-NS, where the326
postfix “NS” indicates non-shared parameters of encoders.327

4. Experiments328

To comprehensively evaluate the effectiveness of the pro-329
posed models, we conduct extensive experiments across330
multiple benchmarks, including few-shot learning in Sec-331
tion 4.2, VTAB-1K [30] in Section 4.3, and domain gen-332
eralization in Section 4.4. And the detailed experimental333
settings are exhibited in Section 4.1.334

Besides, we conduct extensive ablation studies to ver-335
ify the properties of RST applied in Appendix C. Specif-336
ically, in Appendix C.1, we perform an ablation study on337
the impact of the low-rank linear mapping by comparing338
RST-NS with DTL. In Appendix C.2, we further investigate339
the effectiveness of the dual-dimensional processing on the340
VTAB-1K benchmark. Finally, in Appendix C.3, we con-341
duct an ablation study on the effect of parameter sharing,342
also evaluated on the VTAB-1K benchmark.343

4.1. Experimental Settings 344

This section outlines our experimental settings, including 345
the selection of pre-trained backbones, baseline methods for 346
comparison, and implementation details. 347

4.1.1. Pre-trained Backbone 348

For our experiments, we exclusively utilize the Vision 349
Transformer Base/16 (ViT-B/16) [7] model, which consists 350
of approximately 86 million parameters and is pre-trained 351
on the ImageNet-21K dataset [5]. The ViT-B/16 back- 352
bone is chosen due to its strong scalability and adherence to 353
the scaling laws, which facilitate efficient adaptation across 354
various tasks. Its widespread adoption in prior works un- 355
derscores its robustness and versatility, making it an ideal 356
foundation for evaluating the performance and scalability 357
of the RST framework. 358

The baseline methods are mentioned in Section 2. 359

4.1.2. Implementation Details 360

We adhere to the implementation protocols established in 361
prior works [8, 16, 18] to ensure consistency and repro- 362
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Table 1. Per-task fine-tuning results on VTAB-1k benchmark. The backbone is ViT-B/16, and we ignore the linear layer when calculating
the number of learnable parameters. RST* has the same structure as RST but sets all blocks as Feed blocks.
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Linear 0 63.4 85.0 63.2 97.0 86.3 36.6 51.0 78.5 87.5 68.5 74.0 34.3 30.6 33.2 55.4 12.5 20.0 9.6 19.2 57.6

PETL methods
VPT-deep 0.60 78.8 90.8 65.8 98.0 88.3 78.1 49.6 81.8 96.1 83.4 68.4 68.5 60.0 46.5 72.8 73.6 47.9 32.9 37.8 72.0
BitFit 0.10 72.8 87.0 59.2 97.5 85.3 59.9 51.4 78.7 91.6 72.9 69.8 61.5 55.6 32.4 55.9 66.6 40.0 15.7 25.1 65.2
Adapter 0.16 69.2 90.1 68.0 98.8 89.9 82.8 54.3 84.0 94.9 81.9 75.5 80.9 65.3 48.6 78.3 74.8 48.5 29.9 41.6 73.9
LoRA 0.25 67.1 91.4 69.4 98.8 90.4 85.3 54.0 84.9 95.3 84.4 73.6 82.9 69.2 49.8 78.5 75.7 47.1 31.0 44.0 74.5
AdaptFormer 0.16 70.8 91.2 70.5 99.1 90.9 86.6 54.8 83.0 95.8 84.4 76.3 81.9 64.3 49.3 80.3 76.3 45.7 31.7 41.1 74.7
Compacter 0.15 71.9 89.0 69.7 99.1 90.7 82.7 56.1 86.0 93.5 82.4 75.3 80.2 63.4 47.4 77.2 78.1 53.5 27.3 39.8 74.2
SSF 0.21 69.0 92.6 75.1 99.4 91.8 90.2 52.9 87.4 95.9 87.4 75.5 75.9 62.3 53.3 80.6 77.3 54.9 29.5 37.9 75.7
NOAH 0.39 69.6 92.7 70.2 99.1 90.4 86.1 53.7 84.4 95.4 83.9 75.8 82.8 68.9 49.9 81.7 81.8 48.3 32.8 44.2 75.5
Convpass 0.33 72.3 91.2 72.2 99.2 90.9 91.3 54.9 84.2 96.1 85.3 75.6 82.3 67.9 51.3 80.0 85.9 53.1 36.4 44.4 76.6
FacT-TK 0.07 70.6 90.6 70.8 99.1 90.7 88.6 54.1 84.8 96.2 84.5 75.7 82.6 68.2 49.8 80.7 80.8 47.4 33.2 43.0 75.6
LST 2.38 59.5 91.5 69.0 99.2 89.9 79.5 54.6 86.9 95.9 85.3 74.1 81.8 61.8 52.2 81.0 71.7 49.5 33.7 45.2 74.3
DTL 0.04 69.6 94.8 71.3 99.3 91.3 83.3 56.2 87.1 96.2 86.1 75.0 82.8 64.2 48.8 81.9 93.9 53.9 34.2 47.1 76.7

Proposed methods
D2-RST 0.034 73.7 94.5 72.4 99.4 91.9 81.1 57.4 86.8 95.9 86.8 75.8 82.9 65.2 51.2 80.3 92.5 54.2 34.6 45.4 77.0
RST 0.029 73.7 94.1 71.8 99.5 91.6 82.1 57.8 86.8 95.9 86.6 75.0 82.7 64.3 50.7 81.5 87.6 55.7 32.1 46.1 76.7
RST* 0.029 76.9 94.0 73.1 99.5 91.5 88.9 57.2 87.3 96.2 87.5 74.6 83.2 64.9 51.6 83.0 88.2 54.6 33.5 49.2 77.6

ducibility in our experiments. Specifically, we employ the363
AdamW optimizer [19] with a cosine learning rate sched-364
ule. All models are fine-tuned for 100 epochs with a batch365
size of 32. For (D2-)RST, the rank r of the low-rank lin-366
ear mappings of all blocks is set to 2. We configure the367
number of Collect Blocks to 6, indicating that half of the368
later blocks’ outputs are calibrated by integrating residual369
information. This configuration ensures a balance between370
adaptation capacity and parameter efficiency.371

Unlike some previous methods [18, 33], we restrict our372
approach to standard data augmentation techniques and do373
not incorporate additional strategies such as mixup [31],374
cutmix [29], or label smoothing [26]. This decision375
streamlines the training process and highlights the intrinsic376
effectiveness of the RST framework. Comprehensive de-377
tails of our training hyperparameters and configurations are378
provided in the supplementary material.379

4.1.3. Benchmarks for Evaluation380

We conduct the experiments following the setting of DTL,381
LoRA, NOAH, etc..382

The VTAB-1K benchmark [30] is designed to evalu-383
ate the generalization ability of transfer learning approaches384

across diverse image domains. It comprises 19 distinct 385
datasets categorized into three groups: 1) Natural images 386
captured by standard cameras, including everyday objects 387
and scenes, reflecting common visual recognition tasks. 2) 388
Specialized images captured by specialist equipment, often 389
involving medical imaging, satellite imagery, and other do- 390
mains requiring specialized knowledge. 3) Structured im- 391
ages generated in simulated environments, including syn- 392
thetic data for tasks like depth prediction and object count- 393
ing. Each dataset contains exactly 1,000 training examples, 394
making it a stringent test for Parameter-Efficient Trans- 395
fer Learning (PETL) methods. The diversity of VTAB- 396
1K spans various task-specific objectives, including clas- 397
sic visual recognition, object counting, and depth predic- 398
tion, among others. This variety ensures that any proposed 399
method must demonstrate robust adaptability across differ- 400
ent visual tasks and domains. 401

The few-shot learning experiments are conducted on five 402
fine-grained benchmarks: Aircraft [20], Pets [23], Food- 403
101 [2], Cars [17], and Flowers102 [22]. The paper reports 404
the average accuracy on the train sets over three random 405
seeds. 406

The domain generalization experiments follow the setup 407
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of noah [33] and dtl [8]. The training set consists of sam-408
ples from the original ImageNet-1K training set, with each409
class containing 16 training images. The model is evalu-410
ated on four distinct datasets: ImageNet-Sketch [27] com-411
posed of sketch images sharing the same label space with412
ImageNet-1K, ImageNet-V2 [24] collected from differ-413
ent sources compared with ImageNet-1K, ImageNet-A [9]414
consisting of adversarial examples, and ImageNet-R [10]415
containing various artistic renditions of ImageNet-1K. The416
paper reports the average accuracy on the train sets over417
three random seeds.418

4.2. Experiments on Few-Shot Learning419

To evaluate the few-shot learning capabilities of RST, we420
conduct experiments on five fine-grained benchmarks ac-421
cording to the settings in Appendix 4.1.422

As illustrated in Figure 5, the proposed RST and D2-423
RST models consistently outperform all baseline PETL424
methods across various few-shot scenarios. Furthermore,425
we observe that the proposed models exhibit average im-426
provements of over 1% compared to the previous best427
method DTL+. These comparisons underscore the excep-428
tional performance of the RST variants in few-shot learning429
tasks, validating the effectiveness of our proposed approach.430

4.3. Experiments on VTAB-1K431

We conduct image classification tasks on VTAB-1K bench-432
mark based on the setting illustrated in Appendix 4.1.433

As shown in Table 1, RST and D2-RST demonstrate both434
competitive and enhanced performance compared to previ-435
ous work. Specifically, D2-RST outperforms all previous436
PETL methods with fewer parameters than them. RST at-437
tains an average accuracy of 76.7%, matching the perfor-438
mance of DTL while being more parameter-efficient. We439
also present the results of RST*, which shares the same ar-440
chitecture and parameter count as RST but consists entirely441
of Feed Blocks. RST* achieves a significant performance442
improvement over previous methods, with an increase of443
1%.444

4.4. Experiments on Domain Generalization445

To assess the robustness of D2-RST and RST under domain446
shifts, we conduct domain generalization experiments ac-447
cording to Appendix 4.1.448

The results of the domain adaptation experiments are449
presented in Table 2. Compared to previous state-of-the-art450
methods, both D2-RST and RST achieve impressive gains451
in evaluation accuracy across all target domains, with av-452
erage improvements reaching up to approximately 1.4%.453
These comparisons highlight the exceptional robustness of454
the them in addressing domain shift challenges and effec-455
tively demonstrate the superiority of the proposed method.456

Table 2. Top-1 accuracy on domain generalization experiments
with ViT-B/16 as the backbone. Our method shows significant
gains w.r.t baseline methods.

Method Source Target

ImageNet -Sketch -V2 -A -R Avg

Adapter 70.5 16.4 59.1 5.5 22.1 25.8
VPT 70.5 18.3 58.0 4.6 23.2 26.0
LoRA 70.8 20.0 59.3 6.9 23.3 27.4
NOAH 71.5 24.8 66.1 11.9 28.5 32.8
DTL 78.3 35.4 67.8 14.0 34.4 37.9
DTL+ 78.7 35.7 67.8 14.2 34.4 38.0

D2-RST 77.0 36.5 68.6 15.4 36.9 39.4
RST 77.2 36.8 68.4 15.6 36.4 39.3

5. Conclusion 457

We introduce Dual-Dimensional Residual Side Tuning 458
(D2-RST), a novel parameter-efficient transfer learning 459
framework designed to mitigate feature forgetting and 460
progressive spectral decay in deep layers by utilizing a 461
dual-block architecture with low-rank linear mapping ap- 462
plied to aggregated features, as well as facilitating explicit 463
dual-dimensional modeling and cross-dimensional interac- 464
tion. Extensive experiments are performed across multiple 465
benchmarks, including VTAB-1K, few-shot learning, and 466
domain generalization. These experiments demonstrate that 467
D2-RST consistently outperforms existing PETL methods 468
in accuracy. Additionally, it exhibits favorable properties 469
of low-frequency energy stabilization. To further validate 470
the strengths of D2-RST, we perform ablation studies that 471
confirm the contributions of its key components. 472
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A. Proofs and Derivations 622

A.1. Proof of Proposition 1 623

For the structure of DTL that the inputs of each ViT block are processed by the low-rank linear mapping, the recursive 624
formula for the aggregate features s is: 625

s(i) = s(i−1) +B(i)topA(i)topx(i) 626

where x(i) = f (i)(x(i−1)). 627
Obviously, we get:

s(1) = B(1)topA(1)topx(1)

Thus, we can get the expression of aggregated features, as shown in Equation (5): 628

s
(i)
1 =

i∑
j=1

B(j)topA(j)topx(j) (5) 629

The observation indicates that DTL exhibits an equal level of attention to information across all previous layers. 630
For the structure of RST that the aggregated features parallel to each ViT block are processed by the low-rank linear 631

mapping, the recursive formula for the aggregate information s is: 632

s(i) = B(i)topA(i)tops(i−1) + x(i+1) 633

where x(i+1) = f (i+1)(xi). Obviously, we get:

s(1) = B(1)topA(1)topx(1) + x(2)

Thus we can get the expression of aggregated features, as shown in Equation (6): 634

s
(i)
2 =

i∑
k=1

i−k∏
j=0

B(i−j)TA(i−j)Tx(k) + x(i+1) (6) 635

For a fixed k, the aggregated feature of s(i)1 |k and s
(i)
2 |k related to xk can be expressed in Equations (1) and (2), respectively. 636

s
(i)
1 |k = B(k)TA(k)Tx(k) 637

s
(i)
2 |k =

i−k∏
j=0

B(i−j)TA(i−j)Tx(k) 638

= B(i)TA(i)T · · ·B(k+1)TA(k+1)TB(k)TA(k)Tx(k) 639

= B(i)TDkA
(k+1)T ·B(k)TA(k)Tx(k) 640

where Dk ∈ Rr×r, indicating a scaling matrix. 641

A.2. Proof of Proposition 2 642

Similarly, we can get the sensitivity of the aggregated features to the backbone information of the two structures, as shown 643
in Equations (7) and (8): 644

∂s
(i)
1

∂x(k)T
=

i∑
l=k

B(l)topA(l)top ∂x(l)

∂x(k)T
(7) 645

∂s
(i)
2

∂x(k)T
=

i∑
l=k

(

i−l∏
j=0

B(i−j)topA(i−j)top)
∂x(l)

∂x(k)T
+

∂x(i+1)

∂x(k)T
(8) 646

11



WACV
#2271

WACV
#2271

WACV 2026 Submission #2271. Algorithms Track. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

For a fixed l, the sensitivity of s(i)1 and s
(i)
2 to the backbone information of previous layers can be expressed as:647

∂s
(i)
1

∂x(k)T
|l = B(l)topA(l)top ∂x(l)

∂x(k)T
648

∂s
(i)
2

∂x(k)T
|l =

i−l∏
j=0

B(i−j)topA(i−j)top ∂x(l)

∂x(k)T
= B(i)topDlA

(l+1)TB(l)topA(l)top ∂x(l)

∂x(k)T
649

B. Proof of The Applicability of Conclusions in the Secenario of Parameter Sharing650

Based on Equations (1) and (2), we can get:651

s
(i)
1 |k = B(k)TA(k)Tx(k) = B(k)TAx(k)652

s
(i)
2 |k = B(i)TDkA

(k+1)T ·B(k)TA(k)Tx(k)653

= B(i)TD′
kAx(k)654

Moreover, the sensitivity deducted in Equations (3) and (4):655

∂s
(i)
1

∂x(k)T
|l = B(l)topA(l)top ∂x(l)

∂x(k)T
= B(l)topA

∂x(l)

∂x(k)T
656

∂s
(i)
2

∂x(k)T
|l = B(i)topDlA

(l+1)TB(l)topA(l)top ∂x(l)

∂x(k)T
657

= B(i)topD′
lA

∂x(l)

∂x(k)T
658

where D′
k, D

′
l ∈ Rr×r, also indicating a scaling matrix.659

Therefore, the conclusions we derived in Section 3.1 remain applicable and are even presented in a clearer form.660

12



WACV
#2271

WACV
#2271

WACV 2026 Submission #2271. Algorithms Track. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

C. Ablation Study 661

We conduct various ablation experiments in this section. 662

C.1. The Effect of Applying Low-Rank Linear Mapping to Residuals 663

Since the difference between DTL and RST-NS is that DTL applies a low-rank linear mapping on backbone features, while 664
RST-NS applies it on aggregated features, we can identify the effect of mapping objects by directly comparing them. In this 665
section, we analyze their performance in the few-shot scenario. 666

The classification accuracy is shown in Table 3. It can be concluded that RST-NS surpasses DTL on the vast majority of 667
tasks across all datasets, with only two exceptions. Notably, it achieves over 2% accuracy gains on several datasets. 668

Datasets Aircraft OxfordPets Food101

1-shot 2-shot 4-shot 8-shot 16-shot 1-shot 2-shot 4-shot 8-shot 16-shot 1-shot 2-shot 4-shot 8-shot 16-shot
RST-NS 12.65 17.38 27.29 37.93 51.33 78.59 83.87 89.77 91.05 91.46 46.47 60.64 67.81 73.84 77.20
DTL 11.44 16.95 25.07 37.40 52.31 74.51 82.64 87.88 90.14 90.87 44.15 58.01 66.80 71.97 76.40

Cars Flowers Average

1-shot 2-shot 4-shot 8-shot 16-shot 1-shot 2-shot 4-shot 8-shot 16-shot 1-shot 2-shot 4-shot 8-shot 16-shot
RST-NS 11.63 20.84 34.49 53.51 71.50 95.97 98.23 99.15 99.47 99.65 49.06 56.19 63.70 71.16 78.23
DTL 10.95 18.95 33.51 53.27 72.35 95.81 97.30 98.60 99.37 99.61 47.37 54.77 62.38 70.43 78.03

Table 3. The classification accuracy of RST-NS and DTL across multiple tasks and various few-shot datasets.

C.2. The Effect of Dual-Dimensional Structure 669

We compare RST-NS with D2-RST-NS, and RST with D2-RST, evaluated on VTAB-1K, to identify the effect of dual- 670
dimensional structure. 671

The classification accuracy is exhibited in Table 4, where a significant performance gap in a group is highlighted in bold. 672
It can be concluded that dual-dimensional structure significantly improves model performance on some datasets, validating

Table 4. Per-task fine-tuning results on VTAB-1k benchmark. The backbone is ViT-B/16, and we ignore the linear layer when calculating
the number of learnable parameters. Significant performance gap in a group is highlighted in bold.
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D2-RST 0.034 73.7 94.5 72.4 99.4 91.9 81.1 57.4 86.6 95.9 86.8 75.8 82.9 65.2 51.2 80.3 92.5 54.2 34.6 45.4 77.0
RST 0.029 73.7 94.1 71.8 99.5 91.6 82.1 57.8 86.8 95.9 86.6 75.0 82.7 64.3 50.7 81.5 87.6 55.7 32.1 46.1 76.7

D2-RST-NS 0.042 73.0 94.3 72.1 99.5 91.5 81.4 57.3 86.8 95.8 86.9 75.5 82.6 65.7 50.8 80.0 94.2 55.3 35.6 45.0 77.1
RST-NS 0.037 73.8 94.2 72.1 99.4 91.7 81.2 57.6 86.9 95.9 86.4 74.7 82.9 64.4 51.9 82.6 87.5 56.0 32.2 46.7 76.8

673
the efficiency of the design. 674

C.3. The Effect of Parameter Sharing Strategy 675

We compare D2-RST with D2-RST-NS, and RST with RST-NS, evaluated on VTAB-1K, to identify the effect of parameter 676
sharing strategy. 677

The classification accuracy is exhibited in Table 5, where a significant performance gap in a group is highlighted in bold. 678

It can be concluded that the parameter sharing strategy has no significant effect on model performance, thus it is feasible 679
to apply this strategy. 680
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Table 5. Per-task fine-tuning results on VTAB-1k benchmark. The backbone is ViT-B/16, and we ignore the linear layer when calculating
the number of learnable parameters. The significant performance gap in a group is highlighted in bold.
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D2-RST-NS 0.042 73.0 94.3 72.1 99.5 91.5 81.4 57.3 86.8 95.8 86.9 75.5 82.6 65.7 50.8 80.0 94.2 55.3 35.6 45.0 77.1

RST 0.029 73.7 94.1 71.8 99.5 91.6 82.1 57.8 86.8 95.9 86.6 75.0 82.7 64.3 50.7 81.5 87.6 55.7 32.1 46.1 76.7
RST-NS 0.037 73.8 94.2 72.1 99.4 91.7 81.2 57.6 86.9 95.9 86.4 74.7 82.9 64.4 51.9 82.6 87.5 56.0 32.2 46.7 76.8

C.4. The Effect of Parameter Sharing: A Feature Richness Perspective681

To assess whether the parameter sharing strategy affects the richness of aggregated features, we conducted ablation experi-682
ments exclusively on D2-RST. Feature richness was evaluated using t-distributed Stochastic Neighbor Embedding (t-SNE)683
to visualize the separability of aggregated features. The degree of separability in the t-SNE plots serves as an indicator of684
feature richness, with higher separability implying more distinctive and informative feature representations.685

Figure 6 presents t-SNE visualizations comparing D2-RST models with and without parameter sharing. The results reveal686
that the introduction of parameter sharing does not degrade the separability of features. For RST with or without parameter687
sharing, the results are similar. In fact, the feature distributions remain similarly distinct, indicating that feature richness688
is preserved despite parameter sharing. This finding aligns with our theoretical predictions, demonstrating that parameter689
sharing effectively reduces the number of trainable parameters without compromising the expressiveness or diversity of the690
extracted features. Consequently, the parameter sharing strategy employed in the (D2-)RST framework is both reasonable691
and effective, ensuring efficient parameter utilization while maintaining high performance.692

(a) (b)

Figure 6. Feature Richness in D2-RST with/without parameter sharing. (a) Feature richness of D2-RST w/o parameter sharing. (b) Feature
richness of D2-RST w/ parameter sharing. T-SNE visualizations on CIFAR100 of aggregated features indicating feature richness, where
parameter sharing has little effect on feature richness.
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