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DTL: Parameter- and Memory-Efficient
Disentangled Vision Learning
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Abstract—The cost of finetuning a pretrained model on downstream tasks steadily increases as they grow larger. Parameter-efficient
transfer learning (PETL) is proposed to reduce this cost by changing only a tiny subset of trainable parameters. But, the GPU memory
footprint during training is not effectively reduced in PETL. This issue happens because trainable parameters from these methods are
generally tightly entangled with the backbone, such that a lot of intermediate states have to be stored for back propagation. To alleviate
this issue, we introduce Disentangled Transfer Learning (DTL), which disentangles the trainable parameters from the backbone using a
lightweight Compact Side Network (CSN). By progressively extracting task-specific information with a few low-rank linear mappings and
appropriately adding the information back to the backbone, CSN effectively realizes knowledge transfer in various downstream
recognition tasks. We further extend DTL to more difficult tasks such as object detection and semantic segmentation by employing a
more sparse architectural design. Extensive experiments validate the effectiveness of DTL, which not only reduces a large amount of
GPU memory usage and trainable parameters, but also outperforms existing PETL methods by a significant margin in accuracy.

Index Terms—Transfer Learning, Efficient Training, Image Recognition, Object Detection.

1 INTRODUCTION

ARGE-scale pretraining followed by finetuning has been
Lpopularized in various domains [1], [2]. But traditional
finetuning can be intractable due to GPU memory or time
budget [2], since parameters of the entire large model have
to be updated. Recently, parameter-efficient transfer learning
(PETL) is proposed to update only a tiny subset of trainable
parameters [3]. Because of its efficacy, numerous variants [4],
[5], [6], [7], [8] of PETL successively emerged.

Nevertheless, a huge decrease in trainable parameters
does not necessarily translate into an equivalent reduction
in GPU memory usage. As shown in Fig. 1, existing PETL
methods reduce trainable parameters by over 90%, yet the
actual GPU memory savings remain below 30% on average.
Large pretrained models can still run out of memory during
finetuning. Hence, it is critical to develop methods that
address both parameter and memory efficiency.

One reason for this gap is that all PETL baselines
entangle their trainable modules tightly with the frozen
backbone. During back-propagation, gradients flow through
every frozen layer, which forces the framework to cache
intermediate activations and their derivatives (i.e., gradients)
for almost every layer. As a result, even a lightweight train-
able module incurs substantial activation-cache overhead,
limiting the overall GPU memory reduction.

We formalize this with a chain-rule derivation in Sec. 3,
showing that activation storage, rather than the number of
updated weights, dominates the GPU memory footprint.
The empirical breakdown in Fig. 2 confirms that optimizer
and gradient tensors shrink under PETL, whereas activation-
related memory remains the bottleneck.
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Figure 1: Top-1 accuracy on VTAB-1K [9] vs. different num-
bers of trainable parameters and GPU memory footprint. Our
DTL achieves the highest accuracy with the least trainable
parameters and smallest GPU memory usage.

To address this issue, we propose Disentangled Trans-
fer Learning (DTL), which disentangles update of learn-
able weights from the backbone network by proposing a
lightweight Compact Side Network (CSN). DTL not only
greatly reduces GPU memory footprint, but also achieves
high accuracy in knowledge transfer (cf. Fig. 1).

As shown in Fig. 3, our CSN composes of several low-
rank linear mapping matrices to extract task-specific informa-
tion, which is completely disentangled from the backbone. By
injecting this information back to a few late backbone blocks
using an additional global depthwise separable convolution
(DWConv) [10], features generated by the pretrained model
are adaptively calibrated to be more discriminative for
downstream tasks. DTL is very simple and compatible with
various backbone architectures.

The output of early blocks in the backbone (covered by
the gray region in Fig. 3) is kept constant during finetuning,
making it possible to reuse backbone features across multiple
downstream tasks when the same input is provided.
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Figure 2: Per-iteration training GPU memory breakdown.
Full finetuning incurs substantial overhead. PETL variants
such as FacT [8] reduce optimizer and gradient memory
demands but remain activation-intensive, which limits the
overall GPU memory savings. In contrast, our DTL drasti-
cally reduce the requirements for activation caching thanks
to its disentangled nature.

We further explore our DTL design for sophisticated
tasks such as object detection and semantic segmentation, in
which the simplest version of DTL (DTLv1) exhibits inferior
performance. We then develop a more effective disentan-
gled architecture (DTLv2), which successfully bridges the
performance gap.

Our contributions can be summarized as follows:

o We analyze limitations of existing PETL methods from
the perspective of GPU memory usage, which has a
critical influence on the viability of finetuning.

e Motivated by our analysis, we propose DTL, a disen-
tangled and simple framework for efficiently finetun-
ing large-scale pretrained models with significantly
less trainable parameters and GPU memory usage.

o Through empirical observations and analyses, we
successfully extend DTL to dense prediction tasks.

We conducted extensive experiments to verify the effective-
ness of DTL, which achieved superior accuracy with signif-
icantly less trainable parameters and GPU memory during
finetuning compared to its traditional PETL counterparts.

A preliminary version describing DTLv1 was published
as [11]. The code for both DTLv1 and DTLv2 are publicly
available at https:/ /github.com/heekhero/DTL.

2 RELATED WORK

Classical methods adapt a pretrained backbone by freezing
the majority of its parameters or applying model compres-
sion [12], [13], [14]. Early work in feature extraction freezed
the backbone and trained only the final classifier, a strategy
commonly employed in transfer learning [12]. Knowledge
distillation [15], [16] transfers knowledge from a larger
teacher model to a smaller student model by matching soft
output distributions or intermediate feature representations.
While both approaches alleviate computational and memory
burdens, they are not parameter-efficient. We then focus on
discussing parameter-efficient methods.

2.1 Additive PETL

Additive parameter-efficient transfer learning methods intro-
duce small, lightweight modules into pretrained backbones
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Figure 3: DTLv1 architecture. A Compact Side Network
(CSN) with low-rank linear mappings is inserted parallel to
backbone blocks. Only starting from the M-th block, side
information is added back to adapt features.

for efficient model adaptation. Adapter [3], [17] architec-
tures inserted bottleneck modules around attention and
feed-forward layers. Recent ones extended this concept
across modalities, including text-to-image [18], [19], image-
to-video [20], and adaptive image/video generation [21].
Vision-language adapters [22], [23] aligned modalities
with minimal overhead, while LLaMA-Adapter [24], [25] em-
ployed zero-initialized attention modules for rapid adapta-
tion. Further refinements include convolutional adapters [26],
side adapters for open-vocabulary segmentation [27], sparse
adapters [28], and token-dependent adapters [29]. Moreover,
additive adapters have been adapted to dense prediction
tasks [30], [31], [32]. They tailored low-rank modules or
leveraged sparse adapters on detection and segmentation.

2.2 Reparameterization PETL

Reparameterization PETL methods finetune models by com-
pactly decomposing existing parameters. After finetuning,
they merge additional learned parameters back into the
model so that no extra inference overhead is introduced.
LoRA [5] employed low-rank decompositions

X'=XW + XAB, )

where A € RY*" and B € R"*? are low-rank (r < d) to
achieve parameter-efficiency. Variants like AdaLoRA [33],
ARD-LoRA [34], Delta-LoRA [35], and SuperLoRA [36]
further optimized rank allocation and model flexibility.

In computer vision, RepAdapter [37] and Consolida-
tor [38] utilized structural and grouped reparameterizations,
while ALoRE [39] aggregated low-rank expert adapters.
MetaTT [40] applied global tensor-train structures, and CoPA-
Merging [41] efficiently merged multimodal parameters.

Additional methods include bias-tuning via BitFit [42],
tensor-factorization with FacT [8], and scaling-shifting fea-
tures (SSF) [7]. Overall, these methods effectively reduced
tuning complexity while retaining accuracy.

2.3 Prompt PETL

Prompt-based PETL methods adapt a pretrained model by
inserting a small set of learnable prompt embeddings into the
input context. During finetuning, only these prompt tokens
are optimized, preserving parameter efficiency. VPT [4]
prepended prompts to image patches within intermediate
backbone layers. E2VPT [43] and VQT [44] improved ef-
ficiency through compact parameterization and interme-
diate feature querying. SRP [45] maintained foundational
knowledge via self-distillation. In vision-language tasks,
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CPL [46], DAPT [47], and KgCoOp [48] generated context-
aware embeddings guided by class cues, data distributions,
or external knowledge.

3 LIMITATIONS OF CURRENT PETL METHODS

But, despite the significant reduction in trainable parameters
achieved by PETL methods, the decrease in GPU memory
usage is not proportional, rendering the finetuning of large-
scale pretrained models still challenging.

Suppose there is an N layer feed-forward network
y = fn(fv-1(...f1(x))), where layer i is composed of a
weight matrix W; and a bias term b;. We denote 0,41, 2,11 as
the output and pre-activation of layer ¢, respectively. Then,
0i11 = 0(2ix1) = o(W;0; + b;), where o is the activation
function. [49] shows that the gradients back propagated from
the loss L to W; and b; are

oL oL oL oL
= 0,04, a1 05
6Wi (907;+1 v 8()7 807;_;,_1
where o) is the abbreviation of 90;11/0z;11. Furthermore,
the term 0L/0o;41 can be recursively expressed as

oL - oL 3014_2 8zi+2 - oL
Doi41 00i42 0242 D0i1  D0ito

)

C’;+1Wi+1 N C);

To calculate the gradients, except for parameters from the
model (in this case, W; and b;), all corresponding {o}} in the
chain rule have to be cached during finetuning, which dominates
the GPU memory usage.

Despite the small number of trainable parameters, all
existing PETL methods remain tightly entangled with the
backbone and thus fail to reduce GPU memory footprint.
For instance, LoRA [5] injects low-rank updates AW = AB
directly into each Transformer [50] block’s query and value
projections. Adapter [3] inserts bottleneck modules after both
multi-head self-attention and feed-forward layers. SSF [7]
applies per-channel affine scale and shift at every normaliza-
tion layer. In each case, these additional modules operate on
the same activations used by the backbone, requiring storage
of the corresponding o terms in nearly all backbone activations
for back-propagation. As a result, the activation-caching cost
remains essentially the same as full finetuning, even though
only a fraction of parameters is updated (see Fig. 2).

4 DTLv1: STARTING FROM A SIMPLE DESIGN

To solve this difficulty, we propose Disentangled Transfer
Learning (DTL). The core idea of DTL is to disentangle
the weight updating of the small extra modules from the
backbone network (cf. Fig. 3). Therefore, the o} stored for
back propagation can be drastically reduced (cf. Eq. 2 and 3).
DTL is then not only parameter-efficient but also significantly
reduces GPU memory requirements in finetuning large-scale
pretrained models.

We begin by presenting the simplest instantiation of our
DTL framework, denoted as DTLv1 [11]. As illustrated in
Fig. 3, DTLv1 integrates a Compact Side Network (CSN) in
parallel with backbone blocks. At each block CSN applies a
low-rank linear mapping [5] to the input features to extract
task-specific side information (orange arrows). Starting from
block M, this side information is added back to the block

3

outputs (green arrows) to adapt the backbone representations
for downstream tasks. During finetuning, only the parame-
ters from CSN and the task-specific classification head are
updated (shown in orange).

Specifically, given a ViT backbone with N blocks,
the forward computation can be formulated as z =
bn (bn_1(...b1(x))), where b; is the i-th block, z € R(?+1)xd
is the input tokens (patch tokens plus one cls token) and
z € RODxd is the output tokens, respectively. Denote
zi+1 as the output of b;, hence z;11 = b;(z;) and z; = z.
Our CSN composes of N low-rank linear transformation
matrices [5], with each being plugged into one block to
extract task-specific information. Denote w; = a;c; € Raxd
as the weight matrix accounting for the i-th block, with
a; € R4 ¢, ¢ RY* and d' < d, CSN progressively
gathers information from each block as

hiv1i = h; + zw; 4)

where h; 1 is the output of the ¢-th layer of CSN (hy = 0).
After that, starting from the M-th block, the aggregated

task-specific information h;;; is used to adapt z;y; to

downstream tasks by adding it back to z; 1. Specifically,

Zi 1 = zig1+ g(0(hiy1)) wheni > M, )

where zj_, is the adapted output of b;, # is the Swish
activation [52] with 6(z) = {75, and g is an additional
global depthwise separable convolution (DWConv) layer [10].
To prevent z;,, from drastically shifting away from z;; at
the beginning of finetuning, a; is initialized following a
uniform distribution and ¢; is zero-initialized. To sum up,
the output from the i-th block is

;o {Zz‘+1 +9(0(hiy1))
Zit1 =
Zi+1

if e>M 6
otherwise . (©)

Image recognition is inherently less complex than dense
prediction tasks and therefore requires fewer adaptation
parameters. Empirically, we find that a small d’' (2 or 4)
performs very well for image classification (see Sec. 7.6
for more detailed ablation on d’), which suggests high
redundancy in the backbone features. Therefore, in addition
to keep d' small, we use a large 8 (100) in Swish (i.e., )
to further reduce the redundancy. Consequently, roughly
half of 6(h;4+1) are close to zero. The stride of g is set to 1
and zero-padding is used to ensure that g does not change
feature size. By incorporating g, spatial dependencies are
effectively captured and processed within the CSN, thereby
enhancing the model’s ability to generalize to and recognize
novel categories.

The low-rank design of the CSN’s linear mappings en-
sures that only a minimal number of parameters are updated
during finetuning. To further constrain the parameter size,
we share the weights of g across all CSN layers, making its
overhead negligible relative to the core side network.

Aside from ViT [53], many modern architectures are
organized into stages in which the feature dimensionality
is constant within a stage but differs across stages (e.g.,
Swin [51] and ResNet [54]). By resetting the CSN hidden state
h; to zero at the start of each stage, our method naturally
extends to backbones with changing feature dimensions.
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Figure 4: DTLv2 network for Swin-B/L [51]. Compared to DTLv1 we employ sparsification to remove some CSN layers and
use an enhanced fusion module G to balance parameter efficiency and localization precision in dense prediction tasks.

5 DTLv2: EXTENDING TO DENSE PREDICTION

Different from image classification, the goal of visual dense
prediction tasks, such as object detection and semantic
segmentation, is to recognize and localize multiple instances
of interest, which naturally requires the model to capture
and preserve more discriminative local information during
progressive feature extraction. DTLv1 performs poorly if
directly applied to these tasks (cf., Table 8)—due to its overly
simple structure, the capacity of CSN is too small to capture
subtle local features.

We thus design DTLv2 to enhance the ability to recognize
local information on top of pretrained features. We primarily
focus on Swin-B/L [51], a hierarchical backbone consisting of
24 blocks. As shown in Fig. 4, DTLv2 employs a sparsification
strategy by applying low-rank transformations to a small
subset of backbone blocks. The aggregated features are
reintegrated into the backbone through the enhanced fusion
module G. This approach reduces the number of trainable
parameters and improves the parameter efficiency. DTLv2 is
compatible with a variety of backbone architectures. In the
following, we first present the enhanced fusion module G
and then the sparsification of the CSN layers.

5.1

CSN involves two steps. First, it aggregates features from
the backbone with low-rank transformation w;. Then, this
aggregated information is reintegrated into the backbone in
the last few blocks. In DTLv1, this fusion consists of a non-
linear activation function 6 and a shared depthwise separable
convolution layer g (cf., Eq. 6). This simple fusion approach
obviously lacks ability to capture information from multiple
instances in dense prediction tasks.

We need a more effective module to resolve this problem.
Suppose h;y1 is the output of the i-th layer of CSN, our new
feature fusion module (abbreviated as () is

G(hiy1) = 0(g(hiy1))w; + hig1, @)

where g, §, and h;; are defined as in DTLv1 (Eq. 5), and w/
is another new low-rank linear transformation. Overall, the
output from the ¢-th block in the backbone within DTLv2 is

/ {zi-i-l +G(hiy1)

Enhance the Fusion Module

if i>M

otherwise,

Zig1 =

®)
Zi+1

which is shown in Fig. 4 as the green box with a G inside it.
Comparing Eq. 6 and equations 8 and 7, the task-
specific information is changed from ¢(f(h;+1)) in DTLv1

to 0(g(hi+1))w; 4+ hit1 in DTLv2. There are two differences:
the additional low-rank linear transform w} and the extra
residual connection (“+h;4+1”).

The additional low-rank linear transformation w} in G
effectively aggregates information when multiple instances
of interest occur in a single input image. Moreover, thanks
to the depthwise convolution and low-rank transformation,
the number of trainable parameters in w; is small, which
makes G highly parameter-efficient. Furthermore, although
in DTLv1 g is shared across different CSN layers, we also
study the possibility of assigning different G' to different
CSN layers, which will be discussed soon.

5.2 Sparsify CSN for Parameter Efficiency

When the weights of feature fusion module G are not shared
across different CSN layers, the method loses parameter
efficiency and the number of trainable parameters increases
substantially (cf. Table 11). This drawback can be overcame
by sparsify CSN.

Sparsify low-rank linear transformation w. We first
explore whether CSN’s low-rank transforms {w;} exhibit
substantial redundancy: if for any output 2;, z; from different
blocks in backbone, the corresponding outputs from w; and
w; in CSN satisfy z;w; ~ z;w;, then their combined effect
can be approximated as z;w; + z;w; =~ 2z;w;, implying
that CSN could reproduce both contributions by scaling
w; rather than maintaining separate parameters for w;. To
empirically validate this observation, we process the entire
MS-COCO [55] training set through our trained DTL network
with a Swin-B [51] backbone. For each transform w;, we
collect its output feature vectors from all images and average
them to obtain a single mean feature vector. We then measure
the cosine similarity scores between the mean vectors of
adjacent w. As shown in Fig. 5a, these scores exhibit high
values, with an average above 0.6 and even reaching 0.7-0.8
in early or late layers. This confirms the high redundancy
among adjacent w and motivates dropping some of them.

Based on this observation, we drop some CSN modules to
form a sparser CSN architecture (cf. Fig. 4). Specifically, we
insert a low-rank transformation w approximately every
m blocks. Given that a hierarchical backbone generates
features with varying dimensionality across different stages,
we apply this insertion rule within each stage to ensure
that w is evenly distributed. By default, we keep m = 4,
which yields the architecture in Fig. 4, where the input
features of block 2, 4, 5,9, 13, 17, 22, 24 are sampled as the
input to CSN. We also check the cosine similarity of DTLv2
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Figure 5: Cosine similarity of output features across adjacent
w. The block indices are from 5 to 22 to ensure that the feature
dimensionalities from different blocks are compatible.

after w is sparsified. According to Fig. 5b, compared to
Fig. 5a, the cosine similarity of features (or redundancy) from
adjacent low-rank transformations is significantly decreased,
especially for late blocks.

Sparsify enhanced feature fusion G. Following the same
strategy, we propose a similar sparsification to the enhanced
feature fusion module G. Starting from the middle block of
the backbone (i.e., 13), the aggregated features from CSN are
added back through G approximately every n blocks. In this
case, we set n = 2, resulting in the output features of blocks
13,15, 17, 19, 22 and 24 being adapted for downstream tasks,
as shown in Fig. 4.

Linear adaptation for shared G. After sparsification,
DTLv?2 already uses very few trainable parameters. We now
ask whether we can push parameter efficiency further by
using a single fusion module G for multiple CSN layers.

Under weight sharing, the feature-fusion capacity of G is
inherently constrained. To quantify this effect, we apply PCA
to the output features of G across different backbone blocks
under two configurations: one in which each CSN layer uses
its own independent G (non-shared baseline), and another in
which G’s parameters are tied across layers (shared-weight
variants). Figure 6 shows the resulting projections for two
sharing strategies: (1) Direct Share, where G reuses a single
set of parameters across all target backbone blocks; and (2)
L-Share, where the shared core is augmented with per-layer
scale v; and shift 3; parameters as defined in Eq. 9. For
any block index k, the label “£” indicates that the visualized
features are produced by a fusion module G for block k, with
each block employing its own independent G' (no weight
sharing). Conversely, the label “k (share)” indicates that a
single fusion module G with shared parameters is reused
across all targeted blocks.

When G is directly shared, the only variables that can
cause differences in the output of G are the inputs themselves.
However, G for some blocks share the same input, i.e., 13 and
15, 17 and 19 (cf., Fig. 4), so the visualized features labeled
“13 (share)” and “15 (share)” as well as “17 (share)” and “19
(share)” coincide completely in the left part of Fig. 6. We
expect the outputs for each block before and after weight
sharing to align closely, for example the features “13” and
“13 (share)”. The left part of Fig. 6 confirms that even when G
is directly shared, the output features of G for some blocks
(i.e., 13, 17, 22) are well aligned between the shared and
non-shared scenarios, but there is still a significant shift for
blocks 15 and 19.

We attribute this misalignment to the rigid weight tying of

5
15 (share) m 17 (share) » 22 (share) ¢ 15 a 19
® 13 (share) a 19 (share) o 13 @17 x 22
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Figure 6: PCA visualization of output features from G for
different blocks. The plots compare two different sharing
strategies: when G is directly shared (left), or our L-Share
(right). L-share better aligns features between the shared and
non-shared scenarios. Best viewed in color and zoomed-in.

direct sharing, which deprives G of the flexibility to relocate
its outputs to the correct regions of feature space for each
block. To overcome this drawback, we propose Linear Share
(L-Share), which adaptively inserts scale and bias terms for
the shared G when G share the same input from CSN. The
computation of L-Share is

G (his1) = {G(h”l)’ =B,
G(hiy1) ©v; + Bi, otherwise,
where ©® denotes element-wise multiplication, v;, 5; € R
are learnable scale and bias, and B(i) denotes the set of
indices of blocks that share the same CSN input as block 4
(ordered by the forward pass), with min B(¢) its first index.
This design ensures that, within any group where G shares
the same input (e.g., 13 and 15), the scale and bias terms are
introduced only for the subsequent blocks, not for the first.
We find that this technique makes the fused features
added back to the backbone more discriminative and better
aligned with the non-shared version. As illustrated in the
right part of Fig. 6, our L-Share successfully resolves the
shift problem for block 15 and 19. Experimental results
in Table. 8 also demonstrate the superiority of L-Share
(termed as DTLv2-LS'). Compared to DTLv2, the L-Share
strategy reduces the number of trainable parameters by
approximately 26% without compromising the AP.

5.3 Unify CSN with Different Dimensionalities

In DTLv1, for backbone structures comprising multiple
stages with different feature dimensionalities (e.g., Swin
Transformer [51]), direct feature aggregation in CSN via
simple addition is not possible. To circumvent this issue,
we reinitialize h; to 0 at the beginning of each stage,
thus avoiding dimensionality mismatch. But, this approach
renders the inability to aggregate information across different
stages, thereby creates a few separate CSNs.

We need to integrate separate CSNs into a unified one in
a parameter- and memory-efficient manner. In the backbone,
each downsampling operation within a stage reduces the
spatial dimensions of the features by half and doubles

1. We refer to our method as DTL and denote specific variants as
DTLv1, DTLv2, or DTLv2-LS.
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the number of feature channels. Therefore, the connection
between different CSNs must follow this rule.

The most intuitive approach is to reuse the downsampling
module directly from the backbone. However, due to the
differences between CSN features and backbone features, this
approach can impede the CSN feature aggregation process
and degrade performance. An alternative approach is to
use a 2 X 2 convolution as a bridge. While effective, this
method introduces a significant number of trainable param-
eters. Another option is to employ a depthwise separable
convolution, which is more parameter-efficient. However,
our experiments indicate that this method performs sub-
optimally. We propose to use a group convolution (GC)
as a compromise. Our experiments demonstrate that this
approach performs well even with a large number of groups
(up to 1/4 of the input channels), cf. Table 15.

6 ADVANTAGES OF DISENTANGLED LEARNING

The proposed approach DTL has some significant advan-
tages, which we discuss explicitly.

Disentangled. As shown in Figures 3 and 4, CSN is a
plugin module that is mostly detached from the backbone.
This characteristic makes our method easy to implement,
and is compatible with almost all backbone networks. Modern
networks are composed of repeated blocks with identical
structure. For example, ViT [53] and Swin [51] use blocks
built from Attention and MLP layers. ResNet uses groups of
convolutional layers. When successive blocks produce fea-
ture maps of the same spatial dimensions, our CSN addition
can be applied and DTL can finetune these backbones (for
mismatched dimensions, see Sec. 5.3).

As to GPU memory, although the number of trainable
parameters is small in previous PETL methods, they still
require a lot of GPU memory to cache many {o}}. Our DTL
alleviates this issue by separating the forward pass of the
backbone from CSN, and by only entangling them at late
stages (¢ > M). No gradients are back propagated to the first M
blocks in the backbone (the gray region in Fig. 3 and 4). Hence,
the number of cached {o}} is highly reduced in CSN, which
results in large GPU memory reduction.

Finally, there is another advantage of our disentangled
architecture: possible feature reuse. Consider a scenario
where we need to perform different tasks on one input
image. We have several finetuned models, one for each task.
In previous PETL methods, the intermediate features z;; in
these finetuned models are different to each other, and there is
no way to share computation in the backbone across different
tasks. Therefore, the standard process is learning many task-
specific parameters and conducting each task individually.
Conversely, in our DTL the intermediate features before block
M remain the same after finetuning, such that we can share
part of the backbone computation between different tasks.
Please refer to Sec. 7.6 for more details on feature reuse.

Simple. Since the CSN is disentangled from the backbone
network, our method naturally shows higher simplicity
compared to previous methods. Since PETL methods add
various types of structural units as extra trainable parameters,
we compare the number of such minimal structural units in
Table 1.

6

Table 1: Number of minimal structural units in different
methods. “Source” and “#unit” denote the types and number
of minimal structural units. The backbone is ViT-B/16.

Method Source #unit
LoRA low-rank matrices in Wy, W, 24
NOAH  low-rank matrices, bottlenecks, prompts 36
FacT decomposed tensors 144
SSF pairs of v, 8 148
DTL low-rank matrices, DWConv, (w’) 13-14

The phrase minimal structural unit means the atomic
modules inserted into the backbone network. For example, in
LoRA [5], one minimal structural unit comprises of a pair of
A and B matrices to constitute AW (cf. Eq. 1). Since it inserts
AW into both W, and W, for MHSA in every Transformer
block, the total number of these units is 24. It is similarly
defined for other methods as well, which include: pairs of
v and f in SSF, the modules to be searched in supernet and
maintained in subnet in NOAH, decomposed tensors in FacT,
pairs of matrices a;, ¢; with the DWConv layer in DTLv1,
as well as additional low-rank mapping w’ in enhanced
fusion module G of DTLv2 variants. As shown in Table 1, the
proposed method requires much fewer minimal structural
units compared to existing methods.

7 EXPERIMENTS ON IMAGE RECOGNITION

We conducted a comprehensive evaluation of our pro-
posed method. First, we report the performance on large-
scale recognition benchmark, ImageNet-1K [56], leveraging
architectures from three backbone families: Vision Trans-
former [53], Swin Transformer [51], and convolutional neural
networks. This is followed by an assessment of the method’s
adaptability using the FGVC [4] and VTAB-1K [9] bench-
marks, which are widely used for evaluating PETL methods.
Additionally, we demonstrate the generalization capabilities
of our approach in the context of few-shot learning and
domain generalization. Ablation studies are also presented.

7.1 Evaluation Settings

Datasets. We evaluate on ImageNet-1K [56], FGVC [4],
VTAB-1K [9], five fine-grained few-shot [8] and domain
generalization [6] benchmarks. Full dataset descriptions and
protocols are provided in the appendix.

Implementation Details. We use AdamW [58] with a
cosine learning rate schedule. Unless otherwise specified,
the backbone is pretrained on ImageNet-21K [56]. For the
low-rank linear mappings in the CSN, the rank d’ is set to 2
for ViT-B/16 and 4 for other backbones. We set M (cf. Eq. 6
and 8) for all DTL variants to 7 in the ViT-B/16 backbone. It
is similarly defined for other backbones with roughly half
of the layers adapted accordingly. As the backbone becomes
larger, the number of adapted blocks can be further reduced.
Please refer to the appendix for more implementation details.

Baseline methods. First, two traditional finetuning tech-
niques are included in all experiments. One is ‘Full’, which
finetunes the entire pretrained model. The other is ‘Fixed’,
which only finetunes task-specific classification head. Second,
we choose Bias [42], VPT [4], LST [49], Adapter [3], Adapt-
Former [17], LoRA [5], NOHA [6], FacT [8], SSF [7], ARC [57]
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Table 2: Results on ImageNet-1K. “#p”: number of trainable
parameters (M), “#m’: GPU memory usage during finetuning
with batch size 256 (GB). The best results are in boldface.

Backbone | Method | #p #m Top-1
Full 85.8 34.3 83.6

Fixed 0 3.1 82.0

VPT 0.46 32.1 82.5

. Adapter 0.17 23.6 82.7
ViT-B/16 Bias 010 232 827
SSFE 0.15 373 83.1

DTLv1 0.06 13.2 82.2

DTLv2 0.07 13.2 83.7

DTLv2-LS 0.04 13.2 83.7

Full 86.7 47.6 85.2

Fixed 0 5.6 83.3

VPT 0.60 73.6 83.4

Swin-B Adapter 0.22 32.3 83.8
Bias 0.20 31.6 83.9

SSFE 0.28 57.7 84.4

DTLv1 0.13 10.6 84.4

DTLv2 0.13 14.0 84.4

DTLv2-LS 0.10 14.2 84.4

Full 87.6 38.8 85.8

Fixed 0 44 84.1

Adapter 0.31 21.5 84.5

Bias 0.13 20.8 84.6

ConvNeXt-B | ggp 026 495 849
DTLv1 0.17 12.0 84.9

DTLv2 0.18 13.3 84.9

DTLv2-LS 0.11 13.6 84.9

Table 3: Results on 5 FGVC datasets. #m is measured with
a batch size of 64. An asterisk (*) indicates results from [57],
where AugReg is removed for a fair comparison.

Method | #p #m |CUB NABirds Flowers Dogs Cars|Avg.
Full 85.8 9.7|87.3 82.7 98.8 89.4 84.5|88.5
Fixed 0 1.3|853 759 979 86.2 51.3(79.3
Adapter [0.17 58871 843 98.5 89.8 68.6 857
SSF* 0.15 10.2| 827 859 985 87.7 826|875
Bias 010 57884 842 98.8 912 794|884
VPT 0.67 85|885 842 99.0 90.2 83.6|89.1
LoRA 029 59|883 856 99.2  91.0 832|895
ARC 010 6.1/885 853 99.3 919 85.7(90.1
RLRR 029 9.4|893 847 99.5 920 87.0|90.4
DTLv1 0.06 3.7/90.1  86.0 99.6 923 86.090.8
DTLv2 0.07 3.7{90.1 86.2 99.6  92.7 85.3(90.8
DTLv2-LS|0.04 3.7|90.0 86.1 99.6 926 86.1|90.9

and RLRR [59] as PETL baselines. We follow the setting in [6],
[7] to report the results for a fair comparison.

7.2 Results on ImageNet-1K

As shown in Table 2, for the ViT-B/16 backbone, DTLv1 in-
troduces only 0.06M trainable parameters, which is 40% less
compared to the Bias method. Although DTLv2 introduces an
enhanced feature fusion module G, our sparsification strat-
egy ensures only a marginal increase in trainable parameters
(+0.01M). With our L-Share, DTLv2-LS reduces the trainable
parameters further, down to just 0.04M, even less than DTLv1.
Additionally, all three DTL variants consume only 13.2 GB of
GPU memory during finetuning, substantially less than other
PETL baselines. Compared to full finetuning, GPU memory
saving is about 62% on average. For other backbones, we
observe a similar trend where our three DTL variants keep

7

the least trainable parameters and GPU memory footprint.
Compared to full finetuning, DTLv1 drastically saves GPU
memory usage by 74% on average.

Our DTLv2 and DTLv2-LS achieve a 0.6% improvement
in top-1 accuracy compared to the previous state-of-the-
art method SSF on ViT-B/16 backbone. For Swin-B and
ConvNeXt-B, all three DTL variants perform on par with
SSE, demonstrating that in large-scale finetuning scenarios,
our DTL approach not only maintains high parameter
and memory efficiency but also delivers equally strong
recognition accuracy.

7.3 Results on FGVC and VTAB-1K

The results of ViT-B/16 on FGVC benchmark are presented
in Table 3. DTLv1l and DTLv2 show 0.4% gain on aver-
age accuracy compared to previous state-of-the-art method
RLRR. With the incorporation of L-Share, DTLv2-LS further
improves the average accuracy by 0.1%. Notably, DTLv2
shows strong effectiveness and generalization, achieving the
highest accuracy on 4 out of the 5 datasets.

Results of ViT-B/16 on VTAB-1K benchmark are shown
in Table 4. DTLv1 shows a 2.0% gain on average accuracy
compared to the previous state-of-the-art method SSF. Specif-
ically, DTLv1 reaches the best top-1 accuracy on 10 out of 19
datasets, where the improvements compared to SSF range
from 0.3% to 19.9%. Even if the dataset ‘dSpr-Loc” with the
most significant gain of 19.9% is removed, DTLv1 is still far
ahead on average accuracy of the remaining 18 datasets and
outperforms SSF by 1.3%.

Although DTLv2 and DTLv2-LS perform slightly worse
than DTLv], they still outperform SSF with an accuracy
gain of 0.8% and 0.5%, respectively. We observe that the
most significant accuracy drop in DTLv2 compared to
DTLv1 occurs in the ‘Structured” group with a large domain
gap. This pattern is also evident in Table 5 with different
backbones (Swin-B and ConvNeXt-B). We hypothesize that
since DTLv2 has a larger capacity than DTLv1, it is more
prone to overfitting when dealing with large domain gaps.

As shown in Table 5, when switching to different back-
bone families, the performance of the three DTL variants
on Swin-B and ConvNeXt-B follows a similar trend. DTLv1
surpasses previous best methods by significant margins of
1% and 1.9% on average accuracy, respectively. DTL also
maintains the lowest number of trainable parameters and the
smallest GPU memory footprint. Compared to full finetuning,
DTL reduces GPU memory usage by 72% on average.

Moreover, we also analyzed the impact of changing the
backbone size. When the backbone scales up to ViT-g/14
pretrained using DINOv2 [60] with 1136M trainable param-
eters, DTL still consistently outperforms previous methods
with high parameter- and memory-efficiency. With DTL, we
can even finetune the large-scale backbone, ViT-g/14, on a
single RTX 3090 GPU, whereas traditional PETL methods fail
in this scenario due to out-of-GPU-memory errors. Another
interesting observation is that as the backbone size increases,
the accuracy gap between DTLv1, DTLv2, and DTLv2-LS
narrows. Specifically, for ViT-g/14, the accuracy gap between
the three DTL variants shrinks to only less than 0.2%,
indicating that DTLv2 and DTLv2-LS are especially useful
for large-scale models.
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Table 4: Results on the VTAB-1K benchmark with the ViT-B/16 backbone. “#m” specifies the peak GPU memory footprint
when finetuning with batch size 32. “Average” is the group-wise average accuracy over three groups.
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8 2o % .2z 5|2 5% E|EA888 58 258
o % 92 8 08 E @l QL o2 &Y L2 & L L o4& BIE
FEIE E 0 gz BlE B8 E|IE 2 BE & & E OIS
S 5 = § & &% 3|18 T T s % g Z|T
2]
Traditional finetuning
Full 85.8 4.7]68.9 87.7 64.3 97.2 86.9 87.4 38.8|79.7 95.7 84.2 73.9|56.3 58.6 41.7 65.5 57.5 46.7 25.7 29.1|68.9
Fixed 0 0.6[64.4 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
Bias 0.10 2.9(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
VPT 0.56 4.2|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
LST 2.38 2.7159.5 91.5 69.0 99.2 89.9 79.5 54.6|86.9 959 85.3 74.1|81.8 61.8 52.2 81.0 71.7 49.5 33.7 45.2|74.3
LoRA 0.29 3.0(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 2.8|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
NOAH 043 3.3169.6 92.7 70.2 99.1 90.4 86.1 53.7|84.4 954 83.9 75.8|82.8 68.9 49.9 81.7 81.8 48.3 32.8 44.2|755
FacT 0.07 3.9(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
SSF 0.21 4.9(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
DTLv1 0.06 1.8]/70.4 95.1 71.5 99.4 91.8 87.5 56.8|87.7 96.6 86.9 74.7|81.6 65.1 51.3 82.3 97.2 54.9 36.0 49.3|77.7
DTLv2 0.07 1.8]71.6 93.9 71.1 99.4 91.6 82.8 57.5(87.0 95.7 86.0 74.8|82.0 63.3 48.8 80.9 96.3 51.9 30.7 45.5|76.5
DTLv2-LS 0.04 1.8(71.7 94.0 71.5 994 91.7 81.6 57.4|86.7 95.5 84.0 74.6|81.1 64.4 48.9 81.6 95.3 53.0 30.7 44.9|76.2
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Figure 7: Top-1 accuracy on fine-grained few-shot benchmark. Best viewed in color. Note that our approach with less
trainable parameters and GPU memory footprint outperforms all baseline methods.

7.4 Results on Few-shot Learning

As illustrated in Fig. 7, the proposed DTL method outper-
forms all baseline PETL methods in all cases. Furthermore,
we observe that the average improvements of DTLv1 com-
pared to previous state-of-the-art FacT across different shots
are gradually decreased from 4.7% in 1-shot to 0.8% in 16-
shot, which reveals that our method is consistently effective,
especially in low-data regimes.

7.5 Results on Domain Generalization

The results of domain generalization experiments are shown
in Table 6. We observe that compared to previous state-of-
the-art method NOAH, our DTL achieves impressive gains
in evaluation accuracy, especially on ImageNet, ImageNet-
Sketch and ImageNet-R, where the average improvement is
up to about 8%. These comparisons show robustness of DTL
for alleviating the domain shift problem.

7.6 Ablation Studies

Sensitivity to hyper-parameters. In DTL, there are two key
hyper-parameters. The first one is d’ in the low-rank linear

78.5
S
»78.0
)
«
]
=
g
<775 ViT-B/16
Swin-B
12 4 8 16

Figure 8: Top-1 accuracy on VTAB-1K under various d’. A
small d’ is enough to extract task-specific information in
recognition tasks.

transformation. The second one is M, the beginning index
of blocks in the backbone to add back the output of CSN
for feature adaptation. In Fig. 8, we plot the accuracy curve
by varying d’ using ViT-B/16 and Swin-B as examples. We
observe a small d’ is sufficient to extract task-specific infor-
mation for downstream recognition in ViT-B/16, although it
tends to slightly overfit as d’ increases. For Swin-B, a larger
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Table 5: Results on VTAB-1K benchmark with other back-
bones. Nat./Spe./Str./ Avg. specify the results in three VTAB
groups and their group-wise average. We simulate the
scenario where only a single RTX 3090 GPU is available for
conducting the experiments. Those marked with ‘-" means
out-of-memory errors.

Backbone  |Method | #p #m |Nat. Spe. Str. Avg.
Full 86.7 6.1 792 86.2 59.7 75.0
Fixed 0 09735 80.8 335 62.6
Bias 020 3.7 |742 80.1 424 65.6
Swin-B VPT 0.16 4.6 |76.8 845 534 71.6
FacT 0.14 5.6 | 831 869 621 774
DTLv1 013 1.6 | 824 86.8 66.0 78.4
DTLv2 013 2.0 |825 87.6 642 781
DTLv2-LS| 010 2.1 | 825 875 63.6 77.8
Full 87.6 5.6 [78.0 837 604 74.0
Fixed 0 07 |745 815 348 63.6
LoRA 072 3.0 822 847 641 77.0
ConvNeXt-B | Adapter | 0.31 3.0 | 83.1 849 64.6 775
DTLv1 0.17 1.7 | 83.7 86.7 67.7 79.4
DTLv2 0.18 2.0 | 834 86.6 66.5 78.9
DTLv2-LS| 011 2.0 |83.2 86.7 66.6 78.9
Full 1136 - - - - -
Fixed 0 48 |774 852 412 679
LoRA B
ViT-g/14 VPT - - - - - -
LST 30.2 199|826 86.5 642 777
DTLv1 053 12.6|854 87.8 67.3 80.2
DTLv2 0.27 10.7|86.0 882 67.1 80.4
DTLv2-LS | 0.18 10.7 | 85.8 88.1 66.6 80.2

Table 6: Domain generalization top-1 accuracy with ViT-B/16
backbone.

Method Source Target
ImageNet -Sketch -V2  -A R
Adapter 70.5 16.4 59.1 55 221
VPT 70.5 18.3 58.0 46 232
LoRA 70.8 20.0 59.3 69 233
NOAH 715 24.8 66.1 119 285
DTLv1 78.7 35.7 67.8 142 344
DTLv2 78.7 36.7 683 15.0 35.5
DTLv2-LS 78.6 36.3 683 148 352
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Figure 9: Top-1 accuracy on VTAB-IK and peak GPU
memory footprint under various M in Eq. 6. Our method is
consistently effective across different M.
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Table 7: Ablation results on VTAB-1K with ViT-B/16 back-
bone by varying different architectural choices, where the
last line denotes DTLv1.

CSN  Swish () DWConv (g) Avg.
57.6

Skip 58.8
v 76.0
v v 76.7
v v 62.7

v v v 77.7

d' (4 or 8) is preferred, but it is not highly sensitive to the
exact value, and d’ = 2 already performs well.

In Fig. 9, we plot the accuracy and GPU memory footprint
curves by varying M using two different backbones. There
is a clear trend that, regardless of the backbone used, GPU
memory usage decreases almost linearly as M increases. For
ViT-B/16, reducing M from 12 to 11 significantly boosts
recognition accuracy from 75.9% to 76.7%, with improve-
ments gradually saturating when M < 6. This suggests the
feasibility and effectiveness of feature sharing as described
in Sec 6. The accuracy differs by up to 2.1%, indicating
that recognition accuracy is not highly sensitive to the exact
value of M. This trend is also evident when using Swin-B.
Therefore, by default, we set M to about half of the total
number of blocks in the backbone to achieve the best tradeoff
between effectiveness and efficiency—M = 7 for ViT-B and
M = 13 for Swin-B. Please refer to the appendix for the
specific values of M used with each backbone architecture.

Modular ablation. We now extend our ablation further to
verify the contribution of each component in DTLv1. Results
are in Table 7. The first row is the baseline which only learns
a linear classifier. The second row, where the “CSN” item is
marked by “Skip”, means only the skip connection is kept
(dropping CSN low-rank transformations, f and DWConv,
cf. Fig. 3), marginally improves the recognition accuracy.
When CSN is integrated, the accuracy is increased to 76.0%,
with a huge improvement of 17.2%. Moreover, compared
to DTLv1 (last row), when CSN is removed (second row
from bottom), the accuracy is drastically decreased from
77.7% to 62.7%. These two observations demonstrate that
the information extracted by CSN is critical for downstream
recognition. As Swish (§) and DWConv (g) are gradually
integrated, the accuracy improves steadily. Since DTLv2 is
primarily designed for dense prediction tasks, we will defer
the modular analysis of DTLv2 to the next section.

Potentials for feature reuse. We take the 19 datasets
in VTAB-1K [9] to illustrate feature reuse in DTLv1. We
finetune to obtain 19 models, and assume that we need to
get all 19 classification results for one input image using all
these 19 models. The goal is to check how much speedup
can be achieved during inference. Firstly, we feed the same
input image into 19 different models after finetuning with
LoRA [5], which acts as the baseline. Then we implement
our method to simultaneously conduct 19 tasks but with
the backbone feature shared in the first 6 blocks (by setting
M = 7). Experimental results show that approximately 45%
inference latency is saved.
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Table 8: Results on MS-COCO. GPU memory usage during finetuning (#m) recorded with a local batch size of 2 on 4 RTX

GPUs.

Swin-B # #m MS-COCO (Cascade Mask R-CNN)

(87M) P APpox APY_ APD  APna AP APL
Full 86.8 | 69.1 52.4 71.0 56.9 45.3 68.3 49.4
Fixed 0172 48.3 69.0 52.9 42.0 65.9 45.1
Adapter 3.1 | 54.8 52.1 71.6 56.9 45.0 68.8 49.0
AdaptFormer | 3.1 | 53.4 52.0 71.6 56.8 45.1 68.6 48.8
LoRA 3.1 | 55.0 50.4 70.5 55.1 439 67.7 47.5
LoRand 24 | 73.8 50.5 70.4 55.1 44.0 67.5 47.7
DTLv1 5.8 | 31.7 52.0 71.2 56.7 45.1 68.6 48.7
DTLv2 3.9 | 35.0 52.7 72.0 57.3 45.6 69.2 49.6
DTLv2-LS 29 | 352 52.6 72.0 57.2 45.7 69.4 49.7

10

Table 9: Results on Pascal VOC. GPU memory footprint (#m)
measured with a batch size of 2 on one GPU.

Swin-L RetinaNet
(195M) fip | #m g
Full 195.0 | 11.6 83.6
Fixed 0] 22 83.6
Adapter 47| 74 86.6
AdaptFormer 46| 7.0 86.6
LoRA 46| 74 85.6
LoRand 3.6 | 10.5 86.6
DTLv1 44| 3.9 86.2
DTLv2 30| 42 87.1
DTLv2-LS 22| 42 87.0

Table 10: Results on the ADE20K dataset using Swin-L as
the pretrained backbone. The table details the GPU memory
footprint during finetuning (#m), measured with a local batch
size of 2 on 8 GPUs (in total 16).

Swin-L UperNet
(195M) #p | — U
Full 195.0 | 87.8 50.4
Fixed 0| 330 46.4
Adapter 4.7 | 56.1 50.2
AdaptFormer 4.6 | 52.5 50.3
LoRA 46 | 55.7 49.7
LoRand 3.6 | 721 50.0
DTLv1 6.5 | 41.6 50.3
DTLv2 5.7 | 43.1 50.7
DTLv2-LS 3.6 | 43.2 50.6

8 EXPERIMENTS ON DENSE PREDICTION

Besides recognition, we also conducted extensive experi-
ments on dense prediction tasks, focusing on DTLv2 and
DTLv2-LS. In this section, we will first detail the experimen-
tal settings, followed by a presentation of the results along
with our analysis. Finally, we conduct ablation studies to
verify the contribution of each module in our method.

8.1 Evaluation Settings

Datasets. We conducted experiments on MS-COCO [55],
Pascal VOC [61] and ADE20K [62]. Detailed dataset statistics
and evaluation protocols are in the appendix.
Implementation Details. We use backbones pretrained
on the ImageNet-21K [56] dataset. Our model is implemented
using the OpenMMLab [63] codebase. Unlike the configura-
tion used in image classification, we set d’ in CSN to 256 for

experiments on the MS-COCO dataset, 192 for ADE20K, and
128 for Pascal VOC across all DTL variants. The Swin-B and
Swin-L models each contain 24 blocks. As in recognition, we
set M 13. Additional implementation details can be found
in the appendix. We use group convolution to connect CSN
layers across different backbone stages, with the number of
groups set to one-fourth of the input channels by default.

Baseline methods. The baseline methods are Full, Fixed,
Adapter [3], AdaptFormer [17], LoRA [5] and LoRand [30].
Note that LoRand [30] is implemented by us because the
authors of [30] have not released the official code.

8.2 Main Results

The results of our DTL method on dense prediction tasks are
presented in Tables 8, 9, and 10. These tables demonstrate
that the proposed DTL methods require significantly less
GPU memory for finetuning the pretrained model when
adapting to downstream dense prediction tasks, too. In MS-
COCO (Table 8), DTL achieves an average reduction of 51%
in GPU memory usage compared to full finetuning, making
the finetuning process more efficient and accessible for real-
world applications. The simplest version, DTLv1, requires
only 31.7 GB of GPU memory, which is a substantial memory
saving compared to AdaptFormer [17] (approximately 41%
reduction), while still yielding comparable AP.

When turning to DTLv2 specially designed for dense
prediction tasks, it significantly enhances AP across all IoU
thresholds, with an average improvement of approximately
0.7%, even surpassing the full finetuning method by 0.5%, while
also reducing the number of trainable parameters from
5.8M to 3.9M. Additionally, with the integration of the L-
Share technique, DTLv2-LS further compresses the trainable
parameters from 3.9M to 2.9M, while maintaining or even
surpassing the AP performance of DTLv2 in some cases.

It is worth noting that some traditional PETL methods,
such as LoRand, although requiring minimal trainable
parameters, significantly increase GPU memory usage during
finetuning, making them impractical when GPU resources
are limited. In contrast, the trainable parameters and GPU
memory usage of DTLv2-LS are generally much lower than
them, and at the same time achieving high detection AP. This
makes DTLv2-LS an optimal tradeoff between effectiveness
and efficiency.

A similar trend is observed in Table 9 for the Pascal
VOC dataset, where our DTL method consistently requires
the least GPU memory for finetuning the pretrained model,
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Table 11: Ablation of DTLv2 for Swin-B on MS-COCO.

Method ‘ #p #m ‘ APBDX APMask
DTLv1 58 31.7 | 52.0 45.1
+ enhanced G 6.6 37.1 52.3 45.2
+ enhanced G (not share) | 9.5 37.6 | 525 454
+ sparsify w 51 337 | 525 45.4
+ sparsify G 37 311| 525 454
+ unified CSN = DTLv2 |39 350 | 52.7 45.6
+ L-Share G = DTLv2-LS |29 352 | 526 45.7

Table 12: Ablation on different architectures of fusion module
on VTAB-1K. The third line in each group marked with “+
g — G” is DTLv2-LS.

Backbone | Method | #p #m|Nat. Spe. Str. Avg.
DTLv1 0.06 1.8|81.8 86.5 64.7 77.7
ViT-B/16 + sparsify w & ¢ |0.03 1.6 |81.8 864 642 77.5
+9g—G 0.04 1.8|81.0 852 625 76.2
DTLv1 0.13 1.6|824 86.8 66.0 78.4
Swin-B + sparsify w & ¢ |0.07 1.5|82.3 87.0 65.2 78.2
+9g—G 0.10 2.1|825 875 63.6 77.8
DTLv1 0.17 1.7|83.7 86.7 67.7 79.4
ConvNeXt-B | + sparsify w & g |0.08 1.5|83.6 86.7 67.5 79.3
+9g—G 0.11 2.0|83.2 86.7 66.6 78.9

achieving a reduction of approximately 65% compared to
full finetuning. Additionally, the DTLv2-LS variant exhibits
the lowest number of trainable parameters, representing a
39% reduction compared to LoRand [30]. Furthermore, the
APpox achieved by both DTLv2 and DTLv2-LS significantly
outperforms traditional PETL methods, with a notable
margin of 0.5% and 0.4%, respectively.

The results for the ADE20K semantic segmentation task
are presented in Table 10. In this scenario, the model needs
to capture fine-grained local texture details to effectively
recognize the concept of each input pixel. DTLv2-LS requires
only 43.2 GB of GPU memory for finetuning, representing
a 51% reduction compared to full finetuning. Moreover, the
mloU achieved by DTLv2-LS not only surpasses traditional
PETL methods but also exceeds the full finetuning method.

These results demonstrate that our DTLv2 and DTLv2-LS,
specifically designed for dense prediction, excel on common
object detection and semantic segmentation benchmarks.
They exhibit both parameter and GPU memory efficiency,
and deliver superior detection and segmentation accuracy.

8.3 Ablation Studies

Modular ablation of DTLv2 design. We now study the
impact of each enhancement in changing DTLv1 to DTLv2-LS.
As shown in Table 11, the enhanced feature fusion module
G effectively captures more discriminative local features,
leading to significant improvements in both APp. and
AP1ask, with particularly notable gains in APp,x. When
G is not shared among different CSN layers, the AP metrics
are further improved by approximately 0.2% on average. But,
this increases the number of trainable parameters from 6.6M
to 9.5M, and compromises parameter efficiency.

To address this issue, the sparsification strategies in-
troduced in Sec 5.2 for w and G reduce the trainable
parameters from 9.5M to 3.7M, resulting in a 61% reduction
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Table 13: Ablation of fusion operators in CSN. We compare
average pooling, full convolution and depth-wise convolu-
tion on image recognition (VTAB-1K with ViT-B/16) and
dense prediction (MS-COCO with Swin-B). Depth-wise
convolution consistently achieves the highest performance
across all metrics.

Method # #m Metrics

Image Recognition P Nat. Spe. Str.  Avg.
DTLv1 (AvgPool) 0.04 17 | 814 89 634 769
DTLv1 (FullConv) 535 19 | 809 854 632 765
DTLv1 (DWConv) 006 18 | 818 865 647 777
DTLv2-LS (AvgPool) | 003 1.7 | 809 854 615 759
DTLv2-LS (FullConv) | 534 18 | 80.7 853 609 75.6
DTLv2-LS (DWConv) | 0.04 18 | 81.0 852 625 762
Dense Prediction APpox APMask
DTLv2-LS (AvgPool) 29 350 52.0 45.2
DTLv2-LS (FullConv) | 147 355 52.7 45.7
DTLv2-LS (DWConv) 29 352 52.6 45.7

Table 14: Effect of different G sharing strategies for Swin-B
on MS-COCO.

Method | #p #m | APox APMask
L-Share G 29 352 52.6 45.7
Direct Share G | 2.9 35.2 524 454

while maintaining the same level of AP. Additionally, this
sparsification strategy reduces the GPU memory footprint
from 37.6 GB to 31.1 GB (17% saving). Furthermore, the
unified CSN technique (Sec 5.3) consolidates previously
separated CSN modules into a unified structure, and further
improves AP by approximately 0.2%. Finally, the L-Share
strategy reduces the number of trainable parameters to just
2.9M, while maintaining the AP metrics and even slightly
improves APyr,sk. However, as shown in Table 14, when the
L-Share strategy is removed and direct sharing is used, both
AP metrics decline.

Ablation of CSN concatenation strategy. In Table 15,
we analyze strategies for concatenating CSN layers from
different backbone stages into a unified structure. The base-
line is directly using the frozen downsampling module from
the backbone. However, this method performs the worst, as
backbone features and CSN features exhibit different patterns.
To verify this hypothesis, we unfreeze these downsampling
layers and finetune them together with CSN, i.e., ‘Backbone
(Learned)’. This approach significantly boosts AP, but leads
to prohibitively high GPU memory usage.

We employ a group convolutional layer to achieve our
objective. The notation ‘Group Conv (z)’ refers to a group
convolution layer with the number of groups being one-zth
of the number of input channels. Table 15 show that ‘Group
Conv (4)" strikes a good balance between computational
efficiency and AP performance.

Why does DTLv2-LS underperform DTLv1 on certain
classification benchmarks? Although DTLv2-LS consistently
matches or exceeds DTLv1 on ImageNet-1K, FGVC, and
domain-generalization tasks, we observe a modest drop
on VTAB-1K, particularly in the Structured group. To gain
deeper insight into this phenomenon and the intrinsic mech-
anisms of our DTL design, we conducted additional ablation
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studies (Table 12). First, we endowed DTLv1 with the
same sparsification strategies employed in DTLv2—namely,
removing a subset of low-rank transformations (w) and
fusion connections (g), followed by the linear-sharing scheme
(cf. Sec. 5.2). By comparing the first and second rows within
each backbone group, we observe that the average accuracy
on VTAB-1K remains effectively unchanged (drop < 0.2%),
demonstrating the general effectiveness of our sparsification
strategy across both dense prediction and image classification
tasks.

In contrast, substituting DTLv1’s simple DWConv fusion
g with the more powerful module G results in pronounced
declines, especially on Structured datasets. Specifically, For
ViT-B/16 nearly every VTAB-1K domain shows some re-
duction, whereas for Swin-B and ConvNeXt-B the drop
is largely confined to the Structured group, with Natural
and Specialized accuracies remaining stable. These findings
suggest that, while sparsification preserves model capacity
under limited data, the increased complexity of G induced
overfitting under severe domain shift.

We attribute the overfitting to the increased capacity of
G. In DTLv], the simple DWConv fusion g provides just
enough flexibility while remaining regularized, whereas
the more complex module G introduces additional low-
rank transformations and residual connections. Although
these augmentations improve expressivity when ample
or in-domain data are available, they also risk fitting to
spurious patterns under the pronounced domain shifts and
limited samples of VTAB’s Structured benchmarks, thereby
degrading generalization. In contrast, on tasks with smaller
domain gaps or sufficient training examples (e.g. ImageNet-
1K or MS-COCO), this overfitting does not occur, and DTLv2-
LS matches or surpasses DTLv1.

It is worth noting that in the domain generalization ex-
periments finetuning is performed exclusively on ImageNet
data, so the domain shift arises only at evaluation and the
overfitting mechanism described above does not apply.

Effect of depth-wise convolution in CSN. To clarify the
motivation for integrating depthwise convolution into the
CSN fusion module (g or () and its benefits, we compare
three fusion operators: average pooling, full convolution and
depthwise convolution. Depthwise convolution expands the
spatial receptive field while maintaining minimal parameter
count and memory overhead. It preserves spatial locality
and supports channel-wise feature adaptation with only a
small increase in trainable parameters. As shown in Table 13,
depthwise convolution achieves the highest accuracy on
VTAB-1K and the highest average precision on MS-COCO,
demonstrating its effectiveness in capturing discriminative
local patterns. These properties support its adoption in our
unified CSN design.

Inference efficiency. We further evaluate the efficiency of
our method during inference by comparing its throughput
with several baselines. As shown in Table 16, we first simulate
the image classification scenario for ViT-B/16 with a small
d’ = 2. Due to its simplicity, the empirical throughput of
DTLv1 is consistently higher than previous PETL counter-
parts. When the inference batch size is small (< 4), DTLv2
and DTLv2-LS are also faster than existing PETL methods.

We then shift to dense prediction, where Swin-B is used
and d’ is 256. The input resolution is 1344 x 896. The results
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Table 15: Choices for CSN concatenation (Swin-B on MS-
COCO). ‘Group Conv (4)" is the default choice in DTLv2.

Method | #p  #m | APox  APMask
Backbone (Frozen) | 3.9 34.8| 524 454
Backbone (Learned) | 6.7 50.8 52.7 45.6
Full Conv 6.7 357 52.6 45.6
Group Conv (8) 4.0 35.1 525 455
Group Conv (4) 3.9 350 52.7 45.6
Group Conv (2) 39 350 524 454
Group Conv (1) 39 350| 523 454

Table 16: Throughput (number of images processed per sec-
ond) measured on one GPU with mixed precision inference.

Backbone & Throughput (imgs/sec)
Input Size | Method bs=1 bs=d  bs=16

Full 161 636 952
LST 71 279 729
ViT-B/16 NOAH 79 306 798
d =2 AdaptFormer | 108 436 876
(224 x 224) DTLv1 120 469 877
DTLv2 127 495 850
DTLv2-LS 130 504 854
Full 31 33 34
Swin-B Adapter 27 30 32
d — 256 AdaptFormer 28 30 32
(1344 x 896) DTLv1 29 31 33
DTLv2 29 31 33
DTLv2-LS 29 31 32

show that all three DTL variants achieve higher throughput
compared to existing PETL methods.

9 CONCLUSIONS AND LIMITATIONS

In this paper, we proposed Disentangled Transfer Learning
(DTL) for finetuning large pretrained vision models, with
three variants, DTLv1, DTLv2, and DTLv2-LS. The central
idea is to disentangle updates of trainable parameters from a
frozen backbone, which substantially reduces GPU memory
footprint and the number of trainable parameters. On
recognition benchmarks, DTL matched or surpassed state-of-
the-art PETL baselines, and on dense prediction tasks, where
PETL often lags behind full finetuning, DTL attained higher
AP.

Despite these gains, the interaction between CSN and the
backbone remains coarse. CSN interacts only at predefined
insertion points, typically at the block level, which limits
fine-grained adjustments across layers. As a result, tasks that
require subtle adaptation of intermediate representations do
not fully benefit from the disentangled design.

To mitigate this limitation while preserving memory
savings, we are developing finer interactions between CSN
and the backbone. This includes inserting CSN modules
within backbone blocks at carefully selected linear layers
and exploring multi-scale connections with dynamic gating
to balance disentanglement with richer feature exchange.
Taken together, these directions position DTL as a practical
foundation for parameter- and memory-efficient adaptation
in resource-constrained deployments, enabling broader ex-
tensions across diverse vision tasks.
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