Memory-Efficient Transfer Learning with Fading Side Networks via Masked
Dual Path Distillation

Supplementary Material

In the Supplementary Material, more details and exper-
iments are organized as follows, we additionally provide
more introduction of Datasets and Metrics in Sec. A, the
Implementation Details in Sec. B, the rigorous proof of
Back-propagation through Large Backbone in Sec. C,
the expanded explanation of Baselines in Sec. D, and More
Ablation Studies on several modules in Sec. E.

A. Datasets and Metrics

Image-Text Retrieval (ITR): We employ Flickr30k [46]
and MSCOCO [25] for image-text matching task. The
Flickr30k dataset contains 31,783 colloquial images with
158,915 captions, partitioned into 29,783 training images,
1,000 validation images, and 1,000 test images. Its captions
emphasize explicit compositional semantics (e.g., object-
attribute-spatial relationships), posing fine-grained match-
ing challenges. The MSCOCO dataset comprises 123,287
complex scene images annotated with 616,435 captions,
and is divided into 113,287 training images, 5,000 valida-
tion images, 5,000 test images, which is the standard Karpa-
thy split. MSCOCO requires deeper relational reasoning
due to contextual object interactions and scene dynamics.
Both datasets evaluate Image-to-Text (I-T), Text-to-Image
(T-I) retrieval using Recall@1, with additionally employ-
ing RSum (i.e., sum of all six Recall@K scores where
K=1,5,10) as the holistic metric reflecting their composi-
tional complexity.

Video-Text Retrieval (VTR): For video-text retrieval,
we employ MSR-VTT [45] and MSVD [4]. The MSR-VTT
(i.e., Microsoft Research Video to Text) dataset contains
10,000 web video clips (total duration 41 hours) sourced
from YouTube, with each video annotated with 20 English
captions. Following the standard split, we employ the 1k-A
protocol, where 9,000 videos with all corresponding cap-
tions for training, and 1,000 pairs are for testing. Charac-
terized by high diversity across 20 categories (e.g., sports,
music, news), its captions describe complex temporal dy-
namics and object interactions. Moreover, The MSVD (i.e.,
Microsoft Video Description) dataset comprises 1,970 short
video clips with approximately 80,000 multilingual cap-
tions, partitioned into 1,200 training videos, 100 valida-
tion videos, and 670 testing videos. Noted for fine-grained
temporal alignment challenges, MSVD captions emphasize
precise action-object localization. Both datasets evaluate
Video-to-Text (V-T), Text-to-Video (T-V) retrieval using
Recall@1 and RSum for evaluation.

Question Answering (VQA&GQA): For question an-

swering tasks, we evaluate on VQAv2 [14] and GQA [19].
The VQAvV2 dataset addresses prior language bias issues
by pairing 204,721 COCO images with 1,105,904 ques-
tions. It employs the standard split: 82,783 images with
443,757 questions for training, 40,504 images with 214,354
questions for validation, and 81,434 images with 447,793
questions for testing. Questions require diverse reason-
ing about object attributes, actions, and scene context.
The GQA dataset features 113,018 images with 22,669,678
questions generated from scene graphs to ensure compo-
sitional rigor. Its balanced split contains 943,000 training
questions (~70%), 132,062 validation questions (~10%)),
and 264,159 testing questions (~20%), emphasizing struc-
tural reasoning over 1,704 object categories. We evaluate
performance on both Test-Dev and Test-Std splits via the
official EvalAl system.

Visual Grounding (VG): We utilize the RefCOCO, Ref-
COCO+ [47], and RefCOCOg [28] derived from MSCOCO
images for visual grounding. RefCOCO contains 19,994
images with 50,000 bounding boxes annotated by 142,210
expressions, whose standard UNC split comprises 120,624
training expressions, 10,834 validation expressions, and
5,675/5,095 Test A/B expressions. Test A focuses on
bounding boxes containing person instances, while Test B
involves non-person objects. RefCOCO+ shares the same
image set but introduces stricter constraints: 49,856 referred
objects with 141,564 expressions that explicitly prohibit lo-
cation words, divided into 120,191 training, 10,758 valida-
tion, and 5,726/4,889 Test A/B expressions. RefCOCOg
differs substantially with 26,711 images, 54,822 referred
objects, and 104,560 longer, grammatically complex ex-
pressions, while they are categorized into train, validation,
and test, with 85,474, 7,323, and 9,592 samples. Primary
evaluation uses precision@0.5 to measure localization ac-
curacy of predicted bounding boxes against human annota-
tions.

Language-only: For language-only task, we employ
the General Language Understanding Evaluation (GLUE)
benchmark [40] consolidates eight NLP tasks into four core
categories, consisting of linguistic acceptability (CoLA
[41]), sentiment analysis (SST-2 [37]), similarity and para-
phrase (MRPC [10], QQP, STS-B [3]), and natural lan-
guage inference (MNLI [42], QNLI [35], RTE [2]). Eval-
uation employs task-specific metrics: classification Accu-
racy metric for SST-2, MNLI, RTE, and QNLI; F1-score
augmented with accuracy for MRPC and QQP; Matthew’s
Correlation for the class-imbalanced data of CoLA; and



Table A. Detailed Hyper-parameters of MDPD on ITR, VIR, VQA, GQA, and VG tasks. Among them, AdamW is adopted as the optimizer

uniformly.

Task Model Learning Rate ~ Optimizer (31, B2, Weight Decay) Batch Size  Total Epochs ~ Warmup Strategy
ITR VSEoo 5 x10~* 0.9,0.999, 1 x10~2 112 25 linear
VTR  CLIP4Clip 1 x10~* 0.9,0.98,1 x10~2 128 5 cosine
VQA CLIP-ViL 5 x10~* 0.9,0.999, 1 x10~2 256 5 linear
GQA CLIP-ViL 1 x10~* 0.9,0.999, 1 x10~2 256 5 linear
VG MDETR 5x107* 0.9,0.999, 0 8 10 linear

Pearson-Spearman Correlation for similarity scoring of
STS-B.

Vision-only: For vision-only task, we employ the Vi-
sual Task Adaptation Benchmark (VTAB-1K) [48] system-
atically evaluates transfer learning capabilities across 19 di-
verse vision datasets unified under a standardized low-data
regime, categorized into three distinct task types: (1) Nat-
ural tasks (CIFAR-100 [22], Caltech101 [12], DTD [7],
Flowers102 [30], Pets [31], SVHN [29], Sun397 [43]) fea-
turing object-centric photographs with moderate complex-
ity; (2) Specialized tasks (Patch Camelyon [39], EuroSAT
[16], Resisc45 [6], Retinopathy) [15] comprising domain-
specific imagery and medical images; (3) Structured tasks
(Clevr/count [20], Clevr/distance [20], DMLab [1], KITTI-
Dist [13], dSprites/location, dSprites/orientation, Small-
NORB/azimuth [23], SmalINORB/elevation [23]) empha-
sizing geometric relationships and spatial reasoning. Each
dataset provides 1,000 training images with predefined vali-
dation/test splits. Evaluation reports Top-1 Accuracy metric
for classification tasks, with final performance aggregated
via uniform averaging across all 19 datasets.

B. Implementation Details

For vision-language (VL) tasks, Table A comprehensively
details the hyper-parameter configurations. More specifi-
cally, for ITR task using VSEoco, we set the batch size to
112, and maintain consistency with pre-trained models for
all other tasks, while scale learning rate by a factor of 10,
and set the reduction factor and mask rate A to 2 and 0.5, re-
spectively. For GLUE benchmark evaluations, we set learn-
ing rate, reduction factor and batch size to 3 x 1073, 8,
and 100, respectively. Consistent with the methodology in
LST [38], we implement the layer-dropping strategy: for
the TS5-base architecture, this entails removal of the 0, 4%,
and 8" encoder/decoder layers; for T5-large, we omit all
even-indexed encoder and decoder layers.

Beyond task-specific hyper-parameters, we carefully cal-
ibrate the weighting coefficients for multi-objective op-
timization. Specifically, we assign the logits-based and
feature-based distillation loss in deep or shallow layers with

weights of 1 x 1074, 6 x 107° and 4 x 107°, respec-
tively, while 1 for the primary Supervised Fine-Tuning ob-
jective. This balanced scheme ensures commensurate con-
tribution from each optimization component during gradi-
ent updates. All experiments are conducted on an NVIDIA
GeForce RTX 3090Ti GPU.

C. Back-propagation through Large Backbone

Consider a neural network comprising L sequential lay-
ers, where the transformation at the 7™ layer is defined as
fi(x) = 0;(W;x + b;). This composite function depends
on the previous layer’s output, parameterized by the weight
matrix W, bias vector b;, and nonlinear activation function
o;(+). We denote the pre-activation output as z;;1 and the
post-activation output as a;, establishing the layer-wise
propagation:

a;11 = 0i(zi11) = 0;(W;a; +b;). (D

Network parameters are optimized via stochastic gradi-

ent descent (SGD) by minimizing a scalar loss function £

applied to the final layer output. The backpropagation algo-

rithm computes gradients for W; and b; through recursive
application of the multivariate chain rule:
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where o] =

627;L+ - represents the upstream gradient from subsequent

layers. This upstream gradient is recursively computed via
backward propagation from layer ¢ + 2:

denotes the activation gradient, and
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As formalized in Equations (2) and (3), the backpropa-
gation algorithm incurs substantial computational overhead



due to floating-point operations (FLOPs) required for two
critical gradient components: 1) The activation gradients
{a} corresponding to updated parameters { W}, and 2) The
activation derivatives {0’} that must be cached through-
out the computational graph, where {-} denotes sets of
activations, parameters, or gradients. Existing Parameter-
Efficient Transfer Learning (PETL) techniques, including
Adapter [17], Prompt-Tuning [24], and LoRA [18], mit-
igate memory footprint by reducing the parameter update
set [{W}| through learning only sparse parameter subsets,
where |{-}| means the size of set {-}. Consequently, the
memory allocated for activation storage |{a}| proportion-
ally decreases. However, the dominant computational bur-
den during backpropagation stems from computing gra-
dient terms involving {0’} - the derivatives of activation
functions. Crucially, |{c’}| remains undiminished in these
methods since:

L
{o'} = dim(z)). (4)
i=1

This persistence occurs because PETL methods typically
introduce trainable parameters into network inputs or in-
termediate structures while keeping the backbone frozen.
Nevertheless, they still require full computation of o across
all backbone operations, necessitating: 1) Complete evalua-
tion of activation gradients through the entire computational
graph, 2) Storage of intermediate derivatives at each layer,
and 3) Backpropagation through all nonlinear transforma-
tions.

Since activation dimensions generally satisfy |{a}| =
|[{c"}| (barring dimensionality-altering activations), the the-
oretical memory reduction ceiling becomes:

Memorygp = [{a}| + [{o’}| < 50% reduction.  (5)
~—— =

reduced  unchanged

Therefore, while PETL methods reduce parameter up-
date costs, they still incur substantial FLOPs and mem-
ory requirements proportional to backbone complexity, as
full error backpropagation through frozen layers remains
mandatory.

Based on the foregoing computational analysis, side net-
work is proposed as a memory-efficient alternative. This
lightweight network maintains same structure to the back-
bone network while scaling all weight matrices and hidden
state dimensions by a reduction factor » > 2. Thus, the
original backpropagation memory footprint |{a}| + |[{o’}|
is fundamentally transformed in this paradigm. Crucially,
the side network decouples from the backbone’s compu-
tational graph during backpropagation, requiring gradient
computation only through its own structure. Consequently,
its memory consumption reduces to:

see _ {a}[+[{o"}]
T

Memorygp =

(6)

This yields a critical comparative advantage: when
r > 2, the side network achieves strictly lower memory
consumption than the theoretical minimum of Parameter-
Efficient Transfer Learning (PETL) methods, which remain
bounded by:

!
Memory ET > [{a}| '; {o'}]

(7

Thus, side networks establish a new efficiency fron-
tier for Memory-Efficient Transfer Learning (METL), with
memory savings growing linearly with r while maintaining
functional capacity.

D. Baselines

We select various transfer paradigms for comprehensive and
challenging validation:

-VSEoo [5] with BERT-base [9] model and ResNeXt-
101(32x8d) [44] backbone pre-trained on Instagram
(WSL) on Flickr30K [46], MSCOCO1K and MSCOCO5K
[25] for the ITR task;

-CLIP4Clip [27] with the pre-trained CLIP [33] using
Text Transformer [32] and ViT-B/32 [11] on MSR-VTT
[45] and MSVD [4] for the VTR task;

-CLIP-ViL [36] that applies the CLIP image backbone
[33] and encodes the text into word embeddings, followed
by a cross-modal Transformer on VQAv2 [14] and GQA
[19] for the QA task;

-MDETR [21] that integrates a pre-trained ResNet-101,
RoBERTa-base [26] with an encoder-decoder Transformer
on RefCOCO, RefCOCO+ [47] and RefCOCOg [28] for the
VG task;

-T5-series [34] that imports text encoder and auto-
regressive decoder, while following [38], we drop 6, 24 lay-
ers of side network (3, 12 layers each in encoder and de-
coder) for T5-base and T5-large on GLUE benchmark [40]
for the NLP task;

ViT-base [11] witch consists of 86 million parameters,
while pre-trained on ImageNet-21K [8] is the most com-
monly used backbone across prior works (e.g., image clas-
sification, video classification, efc.), and is adopted on
VTAB-1K [48] for the CV task.

E. More Ablation Studies

We extensively conduct more ablation studies to verify
the effectiveness of our proposed method and the selected
hyper-parameters.

Influence of the mask ratio A. To explore the impact
of the mask ratio and verify the effectiveness of adopting
A = 0.5, we conduct an ablation study of A on ITR task.
As demonstrated in Figure A, the results reveal that the
performance of our method is sensitive to A. Specifically,
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Figure A. Ablation study on the effect of the mask rate A in our method. (Left) The Rsum (%) performance on Flickr30K and MSCOCO1K
datasets. (Right) The R@1 (%) performance for sentence retrieval ("I-T”") and image retrieval ("T-I"") on Flickr30K and MSCOCO1K
datasets.

Table B. Ablation results (%) on the generation blocks for feature transformation in the student network on distinct datasets for ITR task.
The best results are highlighted in bold.

Generation Params. Memory Flickr30K MSCOCOIK MSCOCO5K
Blocks M)| (G| LTt TIt Rsumt LT+ TI4 Rsum{ LTt TIt Rsumt
Self-Attention 12.6 16.0 847 695 5374 79.8 672 531.5 604 464 4449
Convolution 124 15.9 859 707 5412 813 688 5364 619 468 448.1

Table C. Ablation results (%) on adopting Hierarchical Feature-based Distillation strategy across shallow (Top), deep (Middle), and all
(Bottom) layers on distinct datasets for ITR task. The best results are highlighted in bold. and the second best results are underlined.

Layers Params. Memory Flickr30K MSCOCOI1K MSCOCOSK
™M)} (SR I-Tt+ TI1 Rsumt I-TT TI1T Rsum? I[-T1T TI1 Rsum?

- 1 12.4 15.8 834 685 5368 78.6 658 529.1 59.1 447 4413

S 1,2 124 15.8 837 688 5367 789 66.1 5292 59.7 443 4416

= 5,6 12.4 15.8 84.6 692 5374 79.6 67.1 5312 605 456 4438

E 1~6 124 15.9 845 695 5376 794 673 5309 608 455 4440

All 12.4 15.9 849 697 5383 80.0 67.8 532.6 614 458 4457

- 7,8 124 15.8 84.6 692 5376 793 665 5302 608 445 4429

% 11,12 124 15.8 8.0 695 5384 798 671 5313 614 448 4443

E 12 124 15.8 852 698 5386 802 674 532.6 612 454 4452

3 7~12 124 159 84.6 693 5381 799 672 5316 60.7 452 4441

All 12.4 16.1 852 70.1 539.5 80.6 679 5334  61.1 459  446.0

All 124 15.9 859 707 5412 813 688 5364 619 46.8 448.1
the model achieves the highest accuracy when A = 0.5 on tributed to the excessive masking, which leads to the loss of
both Flickr30K and MSCOCOI1K datasets, indicating that valuable information, thereby diminishing the effectiveness
A = 0.5 optimally balances the preservation of critical in- of feature distillation and impairing the student network’s
formation and the introduction of diversity during feature ability to learn useful information from the teacher network.

distillation. As A increases beyond 0.5, the performance of
our method gradually declines. This degradation can be at-



Necessity of generation blocks. We adopt a convolu-
tional projector as the generation module for feature trans-
formation in the student network. In order to validate its
effectiveness, we conduct an ablation study comparing it
with the self-attention mechanism. As shown in Table B,
the convolutional projector achieves superior performance
on ITR task, demonstrating its effectiveness in mitigating
the feature discrepancies between the teacher and student
networks. Beyond its advantage in accuracy, the convolu-
tional projector also incurs remarkable advantages in com-
putational efficiency, as it requires fewer parameters and
consumes less training memory. These benefits stem from
their fundamental differences in computational design. The
self-attention mechanism computes attention scores for all
input element pairs, leading to quadratic complexity with
respect to the input size. This design significantly increases
memory consumption and computational overhead during
training. In contrast, the convolutional module operates on
local receptive fields, capturing spatially localized features
with a linear computational complexity with respect to the
input size. This efficiency makes the convolutional projec-
tor computationally lightweight, thus being more suitable
for applications on resource-constrained scenarios for large-
scale tasks.

Necessity of distillation across all layers. To verify the
necessity of performing feature distillation across all layers,
we empirically investigate the performance of our method
with different layer combinations when performing distilla-
tion. As shown in Table C, the results indicate that perform-
ing Hierarchical Feature-based Distillation strategy across
all layers yields the highest accuracy on ITR task. Fur-
thermore, when feature distillation is applied solely to the
shallow layers (i.e., layer 1~6), the performance is no-
tably lower compared to distillation applied to the deep
layers (i.e., layer 7~12). The performance degradation is
attributed to the fact that shallow layers contain less se-
mantic information, which limits their contribution to the
overall task. In contrast, deeper layers encode semanti-
cally rich features, leading to superior results. To fur-
ther demonstrate the effectiveness of HFD independently,
we also conduct ablation experiments with imitation-only
and generation-only (i.e., feature-based distillation is per-
formed across all layers utilizing either imitation or gener-
ation methods), the results are indicated in gray. These re-
sults underscore the importance of leveraging features from
all layers of the network during the distillation process,
providing evidence that our approach effectively facilitates
the knowledge transfer from the backbone to the side net-
work.
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