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Abstract

The rapid scaling of large vision pretrained models makes
fine-tuning tasks more and more difficult on devices with
low computational resources. We explore a new visual
adaptation paradigm called separated tuning, which treats
large pretrained models as standalone feature extractors
that run on powerful cloud servers. The fine-tuning car-
ries out on devices which possess only low computational
resources (slow CPU, no GPU, small memory, etc.) Exist-
ing methods that are potentially suitable for our separated
tuning paradigm are discussed. But, three major draw-
backs hinder their application in separated tuning: low
adaptation capability, large adapter network, and in par-
ticular, high information transfer overhead. To address
these issues, we propose Minimal Interaction Separated
Tuning, or MIST, which reveals that the sum of intermedi-
ate features from pretrained models not only has minimal
information transfer but also has high adaptation capabil-
ity. With a lightweight attention-based adaptor network,
MIST achieves information transfer efficiency, parameter
efficiency, computational and memory efficiency, and at the
same time demonstrates competitive results on various vi-
sual adaptation benchmarks.

1. Introduction

Pretraining a large model [3, 9, 10, 22] on general-purpose
data and fine-tuning it on specific downstream tasks is
emerging as the mainstream methodology for computer vi-
sion tasks. Knowledge or representation learned from the
pretraining makes adaptation to a target domain much eas-
ier than training from scratch.

However, some paradoxes begin to emerge within this
process or learning paradigm. One natural issue is: if the
downstream dataset is small, we cannot afford to and should
not store one new fine-tuned model for each downstream
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visual task. Parameter-efficient fine-tuning (PEFT) meth-
ods [14, 15, 19, 28, 33] are proposed to fine-tune large pre-
trained models with only a small set of trainable parame-
ters, by either inserting small learnable blocks, adding few
learnable tokens, or learning low-rank decomposition of ex-
tra parameters. These methods achieve competitive results
on various downstream adaptation tasks with less than 1%
trainable parameters compared to full fine-tuning.

While PEFT methods partially solved the storage cost
of fine-tuned models, other problems remain. As the scale
of pretrained models grows with a blazing fast speed, fine-
tuning or even inference itself is becoming unaffordable, es-
pecially on devices with limited computational resources.
On the other hand, the need for fine-tuning and inference
on such devices (e.g., personal computers, mobile phones
or even cameras) rather than on the cloud Al infrastructure
is increasing rapidly.

In this paper, we propose a new visual adaptation
paradigm: separated tuning, which enables low-resource
devices to fine-tune downstream visual tasks with a small
side network (cf. Figure 1). The side network merely re-
ceives intermediate features/activations from a pretrained
model, such that the huge pretrained network is not re-
quired to be (either forward or backward) computed on
low-resource devices. Upon the proposed paradigm, we
design a new visual adaptation method: Minimal Interac-
tion Separated Tuning, which is based on the side-tuning
idea [27, 29]. Methods in this style potentially enables sep-
arated tuning, but the interaction (i.e., features transferred)
from the pretrained network to the low-resource device is
too large for a low-resource device to handle. Our contribu-
tions can be summarized as follows:

* We propose a new visual adaptation paradigm: separated
tuning, where the pretrained model works as a service in
a cloud server, and low-resource devices fine-tune small
side networks to transfer the pretrained large model to-
wards specific downstream tasks.

* To reduce interaction between server and low-resource
devices, we reveal that sum of intermediate features effec-
tively capture essence of the pretrained network, which
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Figure 1. Illustration of our proposed Separated Tuning. Vi-
sual samples for different tasks (x1, z2, x3, . ..) are collected and
transferred to the cloud server. Within the cloud server, a large pre-
trained model B acts as a standalone feature extractor, producing
intermediate feature sets (B, x;). A gather function compresses
this set to Gather(B, ;) to achieve minimal interaction but still
keeps essential information in (B, z;) for downstream task learn-
ing. The gathered features for task ¢ is sent to a low-resource de-
vice E;, where the fine-tuning is performed solely on E; with input
Gather(B, z;). During inference, the pretrained model extracts
features, gather them to a minimal level, transfers only a small
chunk of bytes to the low-resource device, which then makes de-
cisions with small storage, computational, and memory costs.

leads to both minimal interaction and high accuracy.

* We propose a new visual adaptation method: MIST, as an
effective means for separated tuning. MIST is parameter-
efficient, GPU memory-efficient, computation efficient,
and enjoys low communication overhead between a cloud
server and low-resource devices. Experimental results on
various datasets show that MIST is comparable with state-
of-the art PEFT methods in visual adaptation, but enjoys
significantly smaller resource consumptions.

2. New Pipeline: Separated Tuning

As illustrated and described in Figure 1, the idea and struc-
ture of separated tuning are pretty simple. Computations
are split between a pretrained model B (residing in a cloud
server) and fine-tuning modules (which usually happens in
edge devices). The pretrained model B is general-purpose
and pretrained with abundant data and computing resources,
which is too big to infer on a low-resource device. The low-
resource device is mostly likely not powerful even to store
the model B itself, nor does it has the compute or GPU
memory resources to forward compute B. The solution is
to let B extract features on cloud and transfer them to the
low-resource device.

Very important but less observed or discussed, the low-
resource device often lacks communication resources, too.
That is, in real world it is often difficult or even impossible
to transfer large chunks of data between it and the server,
e.g., due to bandwidth or energy constraints. Given an in-
put image z, B extracts features (B, x) and sends it to the

low-resource device. For example, (B, z) can be the set of
activations of all intermediate Transformer blocks’ activa-
tions, which contains tens of times more bytes to transfer
than that in the input z itself. In such a case, communica-
tion is too heavy a burden for the low-resource device.

Practical applications, however, are often keen to fine-
tune and infer with a model for downstream tasks solely on
a low-resource device with limited storage, compute, mem-
ory, and communication capabilities.

2.1. Recipes and Obstacles

Methods that allow to split computations between a large
backbone and a small side-network has appeared in the
community [27, 29], where the side-network receives fea-
tures from the backbone but does not send its features back
to the computation graph of the backbone. Thus, during
fine-tuning, the backbone does not need to compute gradi-
ents. This split greatly reduces the compute and GPU mem-
ory costs of fine-tuning.
An even simpler recipe is linear evaluation, in which fi-
nal features of the pretrained model B is coupled with a
simple fully connected (FC) layer. Fine-tuning is then learn-
ing the FC layer, where the transferred features are tiny, the
storage, compute and memory costs are small, too. Partial-
k tuning unfreezes the last k layers of B during fine-tuning.
When £k is small (e.g., k = 1), it might be able to fit into
low-resource devices.
However, these methods do not yet fit the purpose of sep-
arated tuning we propose in Figure 1. The set of 5 goals in
our separated tuning (small storage/parameters, small com-
pute, small memory footprint, small communication, high
accuracy) cannot be met by existing methods. For example,
* Linear evaluation and partial-k tuning leads to low ac-
curacy in recognition, because they overlook the domain
gap between the general-purpose model B and the down-
stream task.

 Parameter-efficient (PEFT) methods [4, 14] often requires
large compute and GPU memory during fine-tuning.

* Side-tuning methods [27] produce and transfer large fea-
tures (B, x), and the side-network may be too big for a
low-resource device.

2.2. Minimal Interaction Separated Tuning

Our solution, as depicted in Figure 1, meets these require-
ments by proposing a gather function Gather, which com-
presses the information in (B, z) to Gather(B,z). The
gathered output is succinct, hence achieving minimal inter-
action or communication. So long as Gather(B,z) dis-
tills essential information for the downstream task, the small
network on the low-resource device, E(Gather(B, x)) will
achieve high accuracy. Because in Figure 1, E; is very small
and it does not transfer any features back to B, the fine-
tuning and inference processes resemble side-tuning meth-
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Figure 2. Architecture of a typical ladder side tuning network [27], where intermediate features z; from the pretrained model B are added
to side blocks through side paths. The interaction (features to be transferred) (B, x) are the concatenation of all z; (¢ = 0,1, ..., N).

ods, which are storage (parameter), compute, and memory
efficient, too.

One additional benefit of our pipeline is that the pre-
trained model is agnostic to downstream tasks. The pre-
trained model B does not need to store any task-specific
parameters or gradients. It simply extract features for any
input images. If an input image x is useful in many down-
stream tasks (correspondingly many low-resource devices),
the pretrained model B only needs to compute its features
Gather(B, z) once.

Then, the key and most difficult question is: how to de-
sign a gather function that captures essential information in
(B, ) and at the same time achieves minimal interaction?

3. Method

We start by studying existing recipes. For example, side-
tuning methods can be placed in our pipeline so long as we
adopt the following gather function:

Gather(B, z) = Stack(zo, 21, , 2N), (D

where 2y is the embedding of x, and z; is the activa-
tions/features of the ¢-th Transformer block in B, as illus-
trated in Figure 2. The ‘Stack’ operator stacks or concate-
nates all tensors z; together. For example, when the pre-
trained network B is ViT-B, one 3 x 224 x 224 input image
(0.14MB in size) is required to transfer more than 7.5MB to
a low-resource device!

Because side tuning methods [27, 29] have achieved
state-of-the-art accuracy in visual adaptation tasks, it is
a natural hypothesis that Stack(zg, 21, ,2n) contains
enough information for downstream tasks. And, we aim
to find a new gather function Gather* that can most effec-
tively reduce its size but keep the essential information for
downstream tasks.

3.1. Gather Function: Additive Feature Integration

Given a typical side tuning structure as shown in Figure 2,
learnable side blocks are placed beneath the frozen base
network blocks. The i-th side block S; takes as input the

sum of previous block output 0;_1 and corresponding fea-
ture map z;_; from the pretrained model B. Suppose the
computing function in side block S; is Fj, then the output
from S; is:

0; = Fi(0i—1 4+ zi—1) + 0i—1 + zi—1 . 2
By induction, we have
0; = Fi(20) + Si_sFi(o1—1 +2-1) + Sz (3)

Then the input for the (¢ + 1)-th side block is o; + z;, or
equivalently,

iniy1 = F1(20) + Zi_oFi(o-1 + 21-1) + Zi_oz . (4)

The first two terms in the right-hand side of Eq. 4 are out-
puts from learnable side network blocks, while the third
term is the sum of intermediate features (or activations)
from the pretrained model B. It is worth noting that the
the first two terms both depend on the side-network, while
the third term does not—it is determined by B alone. We
name this term (or more generally a term that only depends
on B) as an external feature term.

To fit into our separated tuning pipeline, B can only send
external feature terms to low-resource devices, a require-
ment only the third term ¥_2; satisfies. This term is de-
veloped through repeatedly applying the skip connections.

Furthermore, because side network computations (F;)
are low rank transformation to achieve parameter effi-
ciency [29], a natural conjecture is that this third term
(which is determined by the complex model B) contains
more complicated features compared to the first two terms
(which are determined by the simple computations F3). In
other words, it is reasonable to guess that the third term,
Efzozl, contains essential information in in;y;. Please
note that this conjecture is made with respect to any i
(1 <1¢ < N), not only the final block (i.e., when ¢ = N).

Our analysis in the above clearly suggests a simple
gather function:

Gather®(B,x) = Sum(zp, 21, - ,2N) - (5)
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Figure 3. Illustration of MIST and other fine-tuning methods. The Adapter method fine-tunes a model by inserting trainable adapter blocks.
LoRA adds trainable low-rank decomposed matrices to parameters. Side-tuning trains a decoupled side network by passing intermediate
features to the side network block-wise. Our MIST compresses intermediate features by the gather function Gather™, and passes it to a

trainable edge network to adapt to a specific task.

This gather function leads to only 1/(N + 1) communica-
tion overhead compared to the one in Eq. 1. Smaller input to
low-resource devices also means that the storage, compute,
and memory costs will be reduced accordingly. As our ex-
perimental results will show, Gather* (B, z) does contain
essential information for downstream tasks, which leads to
high accuracy for them.

Gather*(B, z) is very simple in its formation, and the
idea to sum up intermediate features may seem naive from
a first peak. We want to suggest that a simple gather func-
tion is the most effective in practice: this gather function
incurs almost zero extra computation or memory cost. Fur-
thermore, this simple and natural form is derived from care-
ful analyses of existing methods, which is endorsed by both
existing experimental results and supportive conjectures.

3.2. Gather Function: Migrating to Downstream
Tasks

One difficulty in handling different downstream tasks are
the domain gaps. In some simple tasks with only low-level
image patterns, high-level features extracted by a pretrained
model may be harmful for adaptation. In such cases, gath-
ering all the intermediate features altogether is suboptimal.

So we migrate the extracted features to specific down-
stream tasks by only gathering features from the first k
blocks, which leads to the final form of our minimal inter-
action gather function:

Gather*(B, z, k) = Sum(zg, 21, - , 2) (6)

in which 0 < k£ < N. As we emphasized earlier, our hy-
pothesis that the third term in Eq. 4 contains essential infor-
mation inside ¢n; 1 is made for all ¢ (1 < ¢ < N). Hence,
this final form is also supported by our hypothesis.

We also want to point out that previous side-tuning meth-
ods such as [27, 29] correspond to £ = N (i.e., use the fea-
ture set {zo, 21, ..., 2zn } all the way up to the final layer’s
output zx). However, as our analysis and experiments
show, it is both reasonable and beneficial to use ¢ < N
for tasks with large domain gaps.

This final form introduces a hyperparameter, k£, which
needs to be set before separated tuning. We select the best
k from a candidate set by using the validation set. The can-
didate set is formed by N, 3N/4 and N/2. For example,
for ViT-B with 12 layers, we pick & from the set {6, 9, 12}.

3.3. The Proposed MIST Method

With Gather*, our Minimal Interaction Separated Tuning
(MIST) method becomes clear and easy to describe. It con-
tains a pretrained base vision transformer network B and a
low-rank attention edge network LAE (which will be intro-
duced latter).

First we gather the intermediate features with Gather*.
For base network B with N layers, it receives an input im-
age x and a k for gather function. The forward path of x
produces a set of feature maps, Then we gather the feature
maps with Gather* to form a mixed feature map Z,,;:

Zmix = Gather™ (B, z, k) . @)



ViT-B/16 Support| Transfer | Trainable MACs GPU Mem VTAB
Edge |Overhead| Params | Cloud Edge |Cloud Edge

(85.8M) Tuning |(MB/img)| (M) [(x10%) (x10°)| (GB) (GB)|Nat. Spe. Str. Avg.
# of tasks \ \ \ \ |7 4 8 19
Full fine-tuning - 85.8 0 17.57 0 6.0975.9 83.4 47.6 68.9
BitFit - 0.10 0 17.57 0 3.80(73.3 78.2 44.1 65.2
VPT - 0.56 0 2318 0 5.63|78.5 82.4 549 72.0
LoRA - 0.29 0 2187 0 3.40(79.5 84.6 59.8 74.5
AdaptFormer - 0.16 0 17.60 0 4.11|80.6 84.9 59.0 74.7
FacT - 0.07 0 18.67 0 4.8180.6 85.3 60.7 75.6
SPT-LoRA - 0.54 0 2044 0 5.13|81.9 85.9 61.3 76.4
Linear probing v 0.003 0 17.57 0 | 057 0.07|69.1 77.1 26.8 57.6
Partial-1 v 0.577 6.75 17.57 1.42 | 0.57 0.52(69.4 78.5 34.2 60.7
LST v 7.503 2.38 17.57 0.51 | 0.57 2.08 |77.6 85.6 59.7 74.3
LAST v 4.040 0.66 17.57 0.15 | 0.57 0.77 |80.9 86.2 62.3 76.5
MIST (ours) v 0.577 0.38 17.57 0.09 | 0.57 045 (81.4 86.4 62.4 76.7

Table 1. Results on VTAB-1K. “Params”: number of trainable parameters. “MACs Cloud”, “MACs Edge”: multiply—accumulate oper-
ations for cloud and low-resource devices during fine-tuning. “GPU Mem Cloud”, “GPU Mem Edge”: GPU memory footprint within
cloud and low-resource devices, respectively during fine-tuning with batch size 32. “Nat.”, “Spe.”, “Str.”: average accuracy for “Natural”,
“Specialized”, “Structured” task groups. “Avg.”: group-wise average accuracy. Best results are in boldface.

Then the low-rank attention edge network LAE takes Z,;.
as input and output the final tuning result:
Zous = LAE(Zmlx) . (8)

From the result in [29], attention block with low-
dimensional QKV projection is an effective and efficient
structure for visual adaptation. Our experimental results
also show that it is very effective for separated tuning. So
we adopt this structure for edge network.

As shown in Figure 3, LAE contains L blocks. Each
block contains a layer norm [1] and a low-rank attention,
where low-rank attention refers to self-attention with an ex-
tremely low QKV hidden dimension r (e.g., hidden dimen-
sion equals 16 for feature dimension equals 768). Skip con-
nection is also applied in each block. In practice, we take
L = 4 and » = 32 for all downstream tasks, and find that
such a small edge network is already enough for most visual
adaptation tasks.

4. Experiments

4.1. Experiments on VTAB-1K

We conducted experiments on VTAB with a ViT-B/16
pretrained with ImageNet-21k. Visual Tasks Adaptation
Benchmark (VTAB) [35] is a collection of visual adaptation
tasks widely used in assessing transferability of pretrained
vision models and fine-tuning methods. It is a benchmark
composed of 19 tasks, which can be categorized into three
groups: Natural, Specialized, and Structured. Each task in-
cludes 800 training images and 200 validation images.

Baseline methods. We compare MIST with various fine-
tuning methods. Basically, we divide them into two cat-
egories: those potentially support separated tuning and
those do not. For the first category, we have linear prob-
ing, Partial-1 (which unfreeze the final layer of ViT-B),
LST [27], LAST [29] and our method MIST. For the sec-
ond category, we have BitFit [34], VPT [15], LoRA [14],
AdaptFormer [4], FacT [16], SPT-LoRA [8].

Results. The results on VTAB-1K are shown in Ta-
ble 1. Methods that potentially support separated tuning
are marked with v in corresponding cells. In the “Trans-
fer Overhead” column, we list the communication cost per
image between cloud and low-resource devices. MIST only
requires to transfer 0.58MB of information per image, lower
than other compared methods (except linear probing). This
overhead is only about 1/7 of LAST and 1/13 of LST.
Hence, MIST has met our “minimal interaction” goal.
With respect to trainable parameters, MIST only intro-
duces 0.38M trainable parameters, lower than other meth-
ods that support separated tuning. Though MIST requires
slightly more trainable parameters than some non-separated
tuning methods, this difference is in fact negligible with re-
spect to parameter size of the pretrained model (e.g., MIST:
0.38/85.8=0.44% vs. FacT: 0.07/85.8=0.08%, both < 1%).
We also list the MACs and GPU memory footprint. For
non-separated tuning methods, the whole model are en-
forced to be fine-tuned on low-resource devices. For meth-
ods that support separated tuning, the pretrained model is
deployed on a cloud server and side networks are deployed
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Figure 4. Top-1 accuracy on fine-grained few-shot datasets with train set containing 1, 2, 4, 8, 16-shot per class.

on low-resource devices, leading to very low MACs and
memory footprint on low-resource devices. MIST requires
the lowest MACs and GPU memory (again except linear
probing) on low-resource devices, which are respectively
about 1% and 10% of normal PEFT methods.

MIST achieves the highest group-wise accuracy com-
pared to other methods. It has the highest group accuracy
for specialized datasets and structured datasets. This re-
sult proves that MIST has strong adaptation ability and our
Gather* indeed captures essential information in interme-

diate features.

4.2. Experiments on Fine-Grained Few-Shot Learn-
ing

To further assess the few-shot adaptation ability of MIST,
following [16] we ran MIST on the fine-grained few-shot
(FGFS) benchmark, which contains 5 fine-grained datasets:
Aircraft [20], Food101 [2], Pets [23], Flowers102 [21] and
Cars [17]. We fine-tuned the edge network with train sets
containing {1, 2, 4, 8, 16}-shots per class. Experiments
were repeated three times with three different random seeds,
and we report the average test set accuracy.

Results. As shown in Figure 4, the average few-shot ac-
curacy of MIST consistently outperforms other 5 baseline
methods in all cases. Average improvement of MIST com-
pared to previous state-of-the-art, FacT, reaches 3.2% in 16-
shot, which is the greatest improvement among all settings.

4.3. Experiments on Domain Generalization

Following the setting in [36], we tested the robustness of
MIST to domain shifts [37] when they were inevitable. We
randomly sampled 16 images from each class in ImageNet-
1K to form the train set. Apart from the validation set from
ImageNet-1K [26], we also tested the fine-tuned model on
four out-of-domain datasets: 1) ImageNet-V2 [25] which is
collected from different sources than ImageNet but follow-
ing the same collection protocol, 2) ImageNet-Sketch [31]
which is composed of sketch images of the same 1,000
classes in ImageNet, 3) ImageNet-A [12] which contains
adversarially-filtered images, 4) ImageNet-R [11] which
contains various artistic renditions of ImageNet-1K. We re-
peated the experiments for three times with different seeds
and report average result over three seeds.



‘ Source ‘ Target

‘ ImageNet ‘ -Sketch  -V2 -A -R
Adapter 70.5 164 591 55 221
VPT 70.5 183 580 46 232
LoRA 70.8 200 593 69 233
NOAH 71.5 248 661 119 285
MIST (ours) | 765 | 379 665 214 375

Table 2. Results on domain generalization with ViT-B/16 as the
pretrained model B. Following [36], we randomly sample 16
images from each class in ImageNet-1K, and test the fine-tuned
model on test sets with different domain shifts. We report aver-
age test accuracy over 3 different random seeds. Best Results are
shown in boldface.

Gather* LAE |Avg.

57.6

v 59.3
v | 66.7

v v 767

Table 3. Ablations on removing important components of MIST.
“Avg.” denotes the group wise average accuracy on VTAB.
Gather* for adding intermediate features together or using output
feature alone. LAE for using our low-rank attention edge network
or linear probing).

Block Func #Layers ‘ Params (M) ‘ Avg.

LAE 4 0.38 76.7
LAE 8 0.76 76.9
MLP 4 0.38 75.8
MLP 8 0.76 76.1
DWConv 4 0.03 69.8
DWConv 8 0.06 70.2

Table 4. Ablations on different block functions with ViT-B/16 as
the pretrained model. #Layers denotes number of layers in edge
network. Avg. denotes group-wise average accuracy on VTAB.

Results. As shown in Table 2, MIST outperforms previ-
ous methods consistently in both the source domain and in
generalization to other domains. Compared to the previous
state-of-the-art method NOAH, the accuracy gain of MIST
is significant in all ImageNet, ImageNet-Sketch, ImageNet-
A and ImageNet-R, which are 5.0, 13.1, 9.5 and 9.0 percent-
age points, respectively. These result verifies the robustness
of MIST against test set domain shift.

4.4. Experiments on Edge Devices

To validate the capability of our method on edge devices,
we conducted the fine-tuning and inference of the ViT-B

model on a Raspberry Pi 4B board with only 2GB SDRAM
(with neither NPU nor GPU). During the fine-tuning pro-
cess, with a batch size of 32 and an image size of 224x224,
the edge device required only 663 MB peak memory usage
in the whole finetuning process. During inference, the pro-
gram on the edge device required only 255 MB of memory.
This level of resource consumption allows the algorithm to
run smoothly on many small embedded devices.

The experiment on real world edge devices (in our case a
Raspberry Pi) effectively demonstrates the capability of our
method to update models in real-time on edge devices and
other low-resource devices.

4.5. Ablation studies

We also conducted ablation studies on different components
of MIST.

Ablations on feature gathering and LAE. we tested
the effectiveness of minimal interaction feature gathering
(Gather™) and low-rank edge network in our method. Re-
sults are shown in Table 3. When both are not adopted, the
method degrade to naive linear probing. When only mini-
mal interaction feature gathering is used, then intermediate
features are added for linear probing. The result in the sec-
ond row shows a 1.7% gain over naive linear probing, but
this improvement is limited. When only LAE is used, the
accuracy gain over naive linear probing is 9.1%, which indi-
cates that adding an edge network directly after a pretrained
model is useful for visual adaptation, but still lags far be-
hind other PEFT methods. When both Gather® and LAE
are adopted, the average accuracy increases to 76.7% (on
par with or better than other fine-tuning methods). This ab-
lation shows that both components are important for MIST
in visual adaptation, and only when two components are
used together can we get the best results.

Ablations on different edge network structure. We sub-
stituted our LAE block function in the edge network with
MLP or Depthwise convolution (DWConv) [5]. Results are
shown in Table 4. We can see that while low-rank attention
(LAE) and MLP have the same number of parameters, LAE
outperforms MLP with about 1% average accuracy lead.
When the block function is changed to depthwise convo-
lution, the number of parameters decreases, but the average
accuracy also drops by a large margin. Overall, low-rank
attention leads to the best performance and parameter effi-
ciency tradeoff.

Ablations on domain migration. To verify the effect of
domain migration with different &, we tested the respective
accuracy on all 19 VTAB datasets for £ = 6, k¥ = 9 and
k = 12. Results are shown in Figure 5. For Natural and
Specialized tasks, £ = 12 (adding all intermediate features)
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Figure 5. Ablation study on gather function with different £ on VTAB. Figures from left to right respectively refer to “Natural”, “Special-

ized”, and “Structured” task group.

usually lead to the best result. But for ‘Structured’ which
have more low-level features, & = 9 outperforms k = 12
in 6 out of 9 datasets. These results indicate that in datasets
with rich low-level features, intermediate outputs from early
layers of the pretrained model are more important.

5. Related Work

Parameter-efficient fine-tuning (PEFT) aims at fine-tuning
a large pretrained model with only a small amount of train-
able parameters. Adapter [13] inserts learnable MLP lay-
ers after each attention [30] layer in a Transformer block.
AdaptFormer [4] inserts MLP layers to FFN in a parallel
form. BitFit [34] fine-tunes the pretrained model to down-
stream tasks by learning all bias terms within the pretrained
model. SSF [18] learns scale factor v and shift factor 3,
and X' = v® X + S, where © is element-wise product.
VPT [15] does visual adaptation by learning additional task-
specific tokens. VPT-Shallow only inserts learnable tokens
before the first later, while VPT-Deep inserts learnable to-
kens before each later.

LoRA [14] fine-tunes low-rank decomposition matrices
of a dense layer instead of fine-tuning dense layers directly.
Weights are updated with W/ = W + AB, where A €
R, B e RM*" ' < h. NOAH [36] combines the
structure of Adapter, VPT and LoRA and use evolutionary
algorithm to search for best combination.

Another line for visual adaptation is about memory-
efficiency. LST [27] proposes to fine-tune a side net-
work which is disentangled from pretrained model, and
save memory by freeing pretrained model from back-
propagation. DTL [7] considers adding side information
back to pretrained network to make a tradeoff between
adaptation ability and memory consumption. LAST [29]
proposes a low-rank attention side network for effective vi-
sual adaptation. MIST stems from this line of work, but

elaborates on minimizing the interaction between backbone
and side networks, which previous side tuning methods
(like LAST) were not capable of, but is the key to realiz-
ing the proposed ‘Separated Tuning’.

Another related work is Offsite-Tuning [32]. Offsite-
Tuning extracts a small version of the base model called
‘emulator’ to emulate the behavior of the base model, and
fine-tune adapter with the emulator rather than the base
model. This helps to reduce computation overhead during
fine-tuning and protect data privacy.

6. Conclusions and Discussions

In this paper, we proposed a visual adaptation paradigm and
a method which allows devices with low computational re-
sources to finetune large vision model without access to the
pretrained model itself. While a pretrained model resides
in cloud and provides features that are too large to transfer
to the low-resource device, our minimal interaction sepa-
rated tuning (MIST) compresses the features while keep-
ing essential information for downstream tasks. The entire
fine-tuning process is performed only on the low-resource
device, requesting only limited storage, compute, memory,
and communication resources while achieving high accu-
racy. In particular, we emphasized the communication fac-
tor, which has been largely ignored in previous research.

Currently, experiments on MIST are mostly restricted to
visual recognition tasks, and this might constrain the scope
of usage of MIST. However, we have adapted MIST to seg-
mentation. And the results showed that MIST is also suit-
able for higher level visual tasks (cf. appendix for results).
More vision tasks, such as image and video generation, may
also enjoy benefits brought up by MIST. We will also ex-
plore other gather functions in the new minimal interaction
separated tuning framework, which may provide even better
overall performance.
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Table 5. Ablations of semantic segmentation. On ADE20K dataset
with SegFormer-b4. We use mIoU as evaluation metric. Params
denotes number of trainable parameters in SegFormer encoder.
Gather™ for (add intermediate features together / use output fea-
ture alone). LAE for (use low-rank attention edge network / not
use).

Method ‘ Gather* LAE ‘ Params. ‘ mloU

Frozen - - 0.0M | 40.5
Full-FT - - 60.8M | 434
MIST v 0.0M | 40.7
MIST v 0.7M | 423
MIST v v 0.7M | 429

7. Detailed results on VTAB-1K

Here we present a detailed version of Table 6, where per-
task accuracy on VTAB-1K datasets are listed.

8. Segmentation result on ADE-20k

For semantic segmentation, we fine-tune a SegFormer-B4
model on ADE20K dataset. SegFormer has a multi-stage
architecture, where the backbone is divided into 4 stages. To
ensure compatibility for feature addition, we use the down-
sampling module in each stage to downsample the spatial
dimensions of the aggregated features, but without training.
This aggregated feature is used as the final feature from
backbone and fine-tuned with LAE. Due to the computa-
tional limitation, we only fine-tune 42k iters for all meth-
ods, which is roughly 1/4 of the 160k iters mentioned in
segformer paper. MIST achieves 2.4 mloU gain compared
to fine-tuning with frozen encoder (42.9 vs. 40.5), and is
only 0.5 point behind full fine-tuning (42.9 vs. 43.4). This
result shows that MIST also work

9. Imlementation details

We conducted all visual adaptation tasks with a ViT-B/16
pretrained on IN21k as backbone. For VTAB-1K, FGFS
and domain generalization tasks, we used Adam optimizer
with batch size 32, and cosine learning scheduler to adjust
learning rate. Learning rate is selected according to the
accuracy on validation set. Following the setting of [15],
images were directly resized to 224 x 224 for VTAB-1K.
For FGFS and domain generalization tasks, following the
setting in [16] and [36], we performed random resize crop
and random horizontal flip, and no extra data augmentation
tricks were used.

All the experiments were implemented with Py-
Torch [24].

10. Experiment on varying side input for side
tuning

In section 3.1, we conjecture that the third term in Eq. 4
(Zfzozl, or external feature term), contains essential infor-
mation in 1,41, and thus important to the fine-tune accu-
racy. So we vary the side input term, by taking Z; instead of
z; as auxiliary input for side block S+, where:

7 7‘<
Z:{z ' )

Zi = Zi—g ,12g

g varies from 1 to N+1. then, in; = Fi(z0) +
Y _oFi(01—1 + z1-1) + X}_, %, making:

ins = Fi(20) + Zzzsz(Ok—l +2p-1) + E?:ozk
Fi(z0) + Bh—o Fi(op—1 + 2-1) + Xji g112k
(10)
In the experiment, we use ViT-B [6] as backbone, and
adopts the low-rank attention structure from [29] as block
function in side network. We test the effect of different g on
VTAB benchmark, and results are shown in lower-right of
Figure 2 (Notice that when g = 13, the setting falls backs to
normal side tuning). From this experiment, we can find that,
without previous external feature term from skip connection
(the case when g = 1), overall accuracy suffers from a big
cut (73.1). So z; from the side path alone is not enough, the
accumulated external feature term is the key for side net-
work. Furthermore, we can discover that increase of g will
lead to a higher accuracy, this indicates that more compli-
cated external feature term can result in better model accu-
racy. The overall accuracy reaches a platform when g > 6,
indicating the benefit of more complicated external feature
term is limited.



Table 6. Per-task results on the VTAB-1K benchmark with ViT-B/16 pretrained on IN21k. “Mean Acc” denoted groupwise average
accuracy on three VTAB task groups.
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Figure 6. The upper figure shows the architecture of typical ladder side tuning, where intermediate features from pretrained model are
added to side blocks through side paths. The lower-left figure shows a modified version of ladder side tuning, where the input from ¢-th
side path z; is replaced with z; — z;_ 4. Experiment result on varying intermediate feature input to side network is shown in the lower-right
figure. Where ¢ is the hyperparameter which controls the form of intermediate feature input to each side block. Accuracy stands for
group-wise average accuracy on VTAB benchnark.
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