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1 MORE DETAILED MOTIVATIONS
In this paper, our primary motivation stems from the disparities
between different types of knowledge. Initially, during the pre-
training phase, the datasets employed are often large-scale and
diverse, yet lacking specialized information. As a result, the pre-
training phase mainly endows the model with task-agnostic knowl-
edge. In contrast, the datasets used during the fine-tuning phase
tend to be small-scale and specialized, embodying primarily task-
specific knowledge. At this juncture, the pre-trained model is tasked
with adjusting its intrinsic task-agnostic knowledge to bridge the
gap with the task-specific requirements, thereby adapting to down-
stream tasks. However, the volume of samples in downstream
datasets is significantly smaller than that of the pre-training datasets.
This means that the information content of task-specific knowledge
is also less than that of task-agnostic knowledge. Consequently,
the Parameter-Efficient Fine-Tuning (PEFT) approach posits that
it isn’t necessary to update all model parameters. Instead, making
adjustments to or introducing a small number of trainable parame-
ters can suffice for acquiring task-specific knowledge during the
fine-tuning phase.

However, during the fine-tuning phase, the PEFT method under
the traditional framework introduces learnable parameters that
lack an explicit connection with downstream targets, leading to an
inadequate acquisition of downstream knowledge. To address this,
we have introduced the ‘Gist token’, creating a bridge between the
learnable parameters and downstream objectives for more effec-
tive learning of task-specific knowledge. Further enhancing this
approach, we utilize knowledge interaction through a Bidirectional
Kullback-Leibler Divergence loss. This method calculates the KL
divergence between Class logits, representing task-agnostic knowl-
edge, and Gist logits, which embody task-specific knowledge. Such
an interaction allows for mutual guidance between these knowl-
edge types, significantly improving the model’s adaptability to
downstream tasks.

2 DATASETS
In this section, we present detailed information about the VTAB-
1K benchmark [48], FGVC datasets, GLUE benchmark [44] used
in this paper, as shown in Tables 1, 2, and 3. Notably, following
the previous work [1], we utilize 8 tasks on the GLUE benchmark,
includingMNLI [46], QQP1, QNLI [39], SST-2 [40], STS-B [5], MRPC
[9], RTE [3, 8, 12, 14], and CoLA [45].

3 IMPLEMENTATION DETAILS ON VATB-1K
OurGIST framework is compared against the traditional fine-tuning
framework. Therefore, for different PEFT methods, we keep the
implementation settings the same with the traditional framework.

1data.quora.com/First-Quora-Dataset-Release-Question-Pairs

LayerNorm

MHSA

LayerNorm

FFN

Adapter

Adapter
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ar

ed

Down

Up

GELU
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Figure 1: The Adapter method utilized on the VTAB-1K
benchmark in this paper.

3.1 Adapter, VPT, LoRA and SSF
3.1.1 Training settings. For Adapter, VPT, LoRA and SSF methods,
we follow the training settings of SSF [27]. Namely, we directly
resize the image to 224 × 224. We employ AdamW [30] as the
optimizer, set the batch size to 32, and designate 100 epochs with
a provision for a 10-epoch warm-up at a warmup learning rate of
1e-7. Regarding the initial learning rate (lr), previous study [27]
have established different values for various datasets, as detailed in
Table 4.

3.1.2 Adapter method settings. In this study, we opt for the parallel
model Adapter instead of the sequential one, offering a stronger
baseline (with fewer parameters and improved performance) when
compared under the traditional fine-tuning framework, as illus-
trated in Table 5. Specifically, as depicted in Figure 1, within the
Adapter, we set the dimension of the intermediate layer to 4 and
designate a scaling factor 𝑠 = 0.1 for all experiments.

3.1.3 VPTmethod settings. In the original paper of the VPTmethod
[18], the authors conducted an extensive search on the VTAB-1K
benchmark for various tasks, experimenting with the lengths of
the newly introduced prompt token in the set {1, 5, 10, 50, 100,
200}. This search process is both tedious and intricate. However,
the primary aim of our study is to contrast the advantages of the
GIST framework against the traditional fine-tuning framework.
Consequently, for the VPT method, we consistently set the prompt
token length to 20 across all experiments.

3.1.4 LoRA method settings. In this study, we adhere to the config-
urations detailed in the original LoRA paper [17], wherein LoRA
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Group Dataset Train Val Test # Class

Natural

CIFAR100 [25]

800/1,000 200

10,000 100
Caltech101 [10] 6,084 102

DTD [7] 1,880 47
Oxford-Flowers102 [36] 6,149 102

Oxford-Pets [37] 3,669 37
SVHN [34] 26,032 10
Sun397 [47] 21,750 397

Specialized

Patch Camelyon [43]

800/1,000 200

32,768 2
EuroSAT [15] 5,400 10
Resisc45 [6] 6,300 45

Retinopathy [13] 42,670 5

Structured

Clevr/count [21]

800/1,000 200

15,000 8
Clevr/distance [21] 15,000 6

DMLab [2] 22,735 6
KITTI-Dist [11] 711 4

dSprites/location [33] 73,728 16
dSprites/orientation [33] 73,728 16
SmallNORB/azimuth [26] 12,150 18
SmallNORB/elevation [26] 12,150 18
Table 1: The details of the VTAB-1K benchmark.

Dataset Train Val Test # Class
Food-101 [4]

(1/2/4/8/16)*(#Class)

20,200 30,300 101
Oxford-Pets [38] 736 3,669 37
Stanford Cars [24] 1,635 8,041 196

Oxford-Flowers102 [35] 1,633 2,463 102
FGVC-Aircraft [32] 3,333 3,333 100

Table 2: The details of the FGVC datasets.

Dataset Task Domain Metric Train Test
MNLI natural language inference various accuracy 393k 20k
QQP paraphrase detection social QA questions (Quora) accuracy & F1 364k 391k
QNLI natural language inference Wikipedia accuracy 105k 5.4k
SST-2 sentiment analysis Movie Reviews accuracy 67k 1.8k
STS-B sentence similarity various Pearson & Spearman corr. 7k 1.4k
MRPC paraphrase detection news accuracy & F1 3.7k 1.7k
RTE natural language inference News, Wikipedia accuracy 2.5k 3k
CoLA acceptability various Matthews corr. 8.5k 1k

Table 3: The details of 8 tasks we utilized on the GLUE benchmark.

Dataset CI
FA

R-
10
0

Ca
lte

ch
10
1

D
TD

Fl
ow

er
s1
02

Pe
ts

SV
H
N

Su
n3

97

Pa
tc
h
Ca

m
el
yo

n

Eu
ro
SA

T

Re
si
sc
45

Re
tin

op
at
hy

Cl
ev
r/
co
un

t

Cl
ev
r/
di
st
an
ce

D
M
La
b

KI
TT

I/d
is
ta
nc
e

dS
pr
ite

s/
lo
c

dS
pr
ite

s/
or
i

Sm
al
lN
O
RB

/a
zi

Sm
al
lN
O
RB

/e
le

Initial lr 5e-3 1e-3 5e-3 5e-3 5e-3 1e-2 5e-3 5e-3 3e-3 2e-3 5e-3 2e-3 5e-2 5e-3 1e-2 1e-2 5e-3 2e-2 5e-3
Table 4: The detailed initial learning rate of SSF [27] method on the VTAB-1K benchmark.
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sequential Adapter 74.1 86.1 63.2 97.7 87.0 34.6 50.8 76.3 88.0 73.1 70.5 45.7 37.4 31.2 53.2 30.3 25.4 13.8 22.1 55.82 0.27
parallel Adapter 70.2 92.6 74.6 99.4 91.2 80.4 51.4 84.1 96.3 88.0 75.6 84.2 59.6 53.2 76.3 60.7 51.9 27.8 40.2 71.46 0.13

Table 5: The comparative results on VTAB-1K, using the backbone of ViT-B/16 pre-trained on ImageNet-21K. The results of the
sequential adapter are from [27].

modules with 𝑟 = 4 are assigned to the Query and Value projection
layers in Transformer blocks.

3.1.5 SSF method settings. SSF [27] eliminates the need for a te-
dious hyperparameter search process. Therefore, we conduct ex-
periments under our GIST framework using the default settings
from the SSF source code directly.

3.2 FacT, ReAdapter, Bi-Adapter
3.2.1 Training settings. Following [19, 20, 31], we resize the images
to 224 × 224 and then normalize them using ImageNet’s mean and
standard deviation. We employ AdamW as our optimizer with a
batch size set to 64. The initial learning rate is set at 1e-3, with a
weight decay of 1e-4. Training is conducted over 100 epochs, inclu-
sive of 10 warm-up epochs, and we utilize the CosineAnnealingLR
[29] for the learning rate scheduler.

3.2.2 FacT method settings. In the original paper for FacT [19], the
authors undertook an extensive hyperparameter search. Specifically,
for different tasks within the VTAB-1K benchmark, the authors
searched for the scaling factor 𝑠 across {0.01, 0.1, 1, 10, 100}. More-
over, for the rank 𝑟 , they searched within the set {2, 4, 8, 16, 32}.
In our study, we directly utilized the default settings from the offi-
cial FacT code to conduct experiments under the GIST framework.
However, it’s important to note that for the FacT method under the
traditional fine-tuning framework, we directly report the results
that the authors provided in the original paper, which came after
their elaborate hyperparameter search. Therefore, our GIST frame-
work operates from a potentially disadvantaged baseline. Still, the
results of Table 1 demonstrate that our GIST framework manages
to surpass the traditional framework by 0.32%.

3.2.3 ReAdapter method settings. In the original ReAdapter [31]
paper, the authors conducted a relatively straightforward hyper-
parameter search. Specifically, they only searched for the scaling
factor 𝑠 within the set {0.1, 0.5, 1, 5, 10}. Consequently, for ReAdapter
under our GIST framework, we carried out the same hyperparam-
eter search. The results indicate that using ReAdapter within our
GIST framework outperforms its utilization within the traditional
fine-tuning framework by 0.43%.

3.2.4 Bi-Adapter method settings. In [20], the optimal configura-
tion for Bi-Adapter was identified as ℎ = 32, and the authors also
conducted a search for the scaling factor 𝑠 within the set {0.01, 0.1,
1, 10, 100}. Following this setup, we conducted experiments based

on the GIST framework. The results demonstrate that, compared to
traditional frameworks, our framework is able to further enhance
the performance of Bi-Adapter by 0.42%, with virtually no addition
of extra parameters.

4 IMPLEMENTATION DETAILS ON FGVC
DATASETS

For the FGVC datasets, we use Adapter, VPT [18], and SSF [27] as
representatives of three different PEFT methods, and have verified
them in {1, 2, 4, 8, 16}-shot scenarios respectively.

4.1 Training settings
For the three different PEFT methods, we consistently use AdamW
[30] as the optimizer, with a batch size set to 64, a learning rate of
1e-3, weight decay of 1e-3, training for 100 epochs with 10 warmup-
epochs.

4.2 Methods settings
For the three PEFT methods, the setup is the same as in Sec. 3.1.2,
3.1.3, 3.1.5.

5 IMPLEMENTATION DETAILS ON GLUE
BENCHMARK

5.1 Training settings
For the eight tasks within the GLUE benchmark, we employ con-
sistent training configurations [1]. Specifically, we set the batch
size to 32, the max token length to 256, and the learning rate to
3e-4. Training was conducted over 20 epochs, incorporating 500
warm-up iterations.

5.2 Method settings
For NLP tasks on the GLUE benchmark, we carry out relatively
straightforward experiments to further demonstrate the universal-
ity of our GIST framework. We employ the default parameters from
Adapter[1, 22] for our experiments. Specifically, we use GELU [16]
as the activation function and set the reduction factor to 32.

6 IMPLEMENTATION DETAILS ON
VISION&LANGUAGE TASKS

For Vision&Language tasks (Flowers102 [36], DTD [7], and UCF101
[41] datasets), our configuration is similar to the experimental setup
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- 70.2 92.6 74.6 99.4 91.2 80.4 51.4 84.1 96.3 88.0 75.6 84.2 59.6 53.2 76.3 60.7 51.9 27.8 40.2 71.46
0.25 74.3 92.3 76.9 99.5 92.0 85.7 54.5 87.1 96.5 87.5 77.2 83.3 61.2 53.4 80.2 70.8 52.0 29.3 39.3 73.31
0.5 74.5 92.2 76.3 99.5 92.1 85.0 54.4 88.1 96.3 87.6 77.4 83.1 59.8 54.0 78.7 69.5 51.9 29.1 41.0 73.18
0.75 74.4 92.3 76.6 99.5 92.3 85.3 54.6 88.2 96.4 87.9 76.5 83.6 60.1 53.0 81.2 72.3 52.1 29.2 39.8 73.44

Table 6: Detailed results of the ablation studies for different 𝜆 on the VTAB-1K benchmark.
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1 74.5 92.3 76.9 99.5 92.3 85.7 54.6 88.2 96.5 87.9 77.4 83.6 61.2 54.0 81.2 72.3 52.1 29.3 41.0 73.71 0.13
10 74.0 92.3 76.9 99.6 92.3 86.3 54.2 87.2 96.1 87.4 75.8 83.6 61.5 53.3 79.5 71.3 52.9 28.2 42.6 73.42 0.14
50 73.0 92.9 74.9 99.5 91.9 87.8 52.9 85.8 96.3 87.7 75.6 83.3 54.8 52.6 79.4 65.3 53.4 19.2 40.8 71.96 0.16
100 72.9 92.9 73.1 99.4 91.1 88.1 52.2 85.3 96.3 86.9 76.8 81.7 37.2 52.0 79.9 66.1 52.2 28.8 40.2 71.21 0.21

Table 7: Detailed results of the ablation studies for different Gist token length on the VTAB-1K benchmark.
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✓ 70.2 92.6 74.6 99.4 91.2 80.4 51.4 84.1 96.3 88.0 75.6 84.2 59.6 53.2 76.3 60.7 51.9 27.8 40.2 71.46
✓ ✓ ✓ ✓ 74.5 92.3 76.9 99.5 92.3 85.7 54.6 88.2 96.5 87.9 77.4 83.6 61.2 54.0 81.2 72.3 52.1 29.3 41.0 73.71
✓ ✓ ✓ 73.9 91.9 76.6 99.5 92.2 85.4 54.2 87.6 96.4 88.2 76.6 83.7 60.2 53.6 79.9 70.4 53.2 28.4 40.3 73.29
✓ ✓ ✓ 74.3 92.3 76.6 99.5 92.1 85.0 54.6 87.8 96.7 87.7 77.1 83.5 61.5 53.5 80.5 70.8 52.9 29.6 40.2 73.48
✓ ✓ ✓ 74.3 92.2 76.8 99.5 92.1 85.4 54.6 87.5 96.6 87.8 76.2 83.5 60.5 53.7 79.8 68.2 51.8 27.0 41.0 73.07
✓ ✓ 73.4 91.9 76.5 99.5 92.1 84.8 54.0 87.4 96.7 87.5 76.8 83.7 60.5 53.2 79.2 66.4 52.7 26.5 39.7 72.76
✓ ✓ 72.5 92.0 75.9 99.5 92.2 83.0 53.8 84.2 96.4 87.6 76.6 84.0 59.8 53.6 78.2 69.0 52.4 27.0 39.3 72.46
✓ ✓ 72.2 92.3 75.3 99.4 91.8 83.0 53.7 86.4 96.5 87.6 76.7 83.6 61.0 53.1 79.1 67.0 52.1 28.9 41.9 72.71

Table 8: Detailed results of the ablation studies of our loss function on the VTAB-1K benchmark.
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L𝑐𝑙𝑠 70.2 92.6 74.6 99.4 91.2 80.4 51.4 84.1 96.3 88.0 75.6 84.2 59.6 53.2 76.3 60.7 51.9 27.8 40.2 71.46
L𝑐𝑙𝑠+L𝑔𝑖𝑠𝑡+L𝑚𝑠𝑒 74.6 92.6 76.5 99.6 92.2 87.1 53.2 88.1 96.6 87.6 75.9 81.7 61.3 52.0 82.6 65.1 52.9 28.8 39.5 73.03
L𝑐𝑙𝑠+L𝑔𝑖𝑠𝑡+L𝑐𝑜𝑠 73.0 92.0 75.8 99.5 92.2 82.9 53.6 86.2 96.4 87.5 76.5 83.6 61.3 53.7 80.1 69.1 52.6 28.0 40.7 72.88
L𝑐𝑙𝑠+L𝑔𝑖𝑠𝑡+L𝑏𝑘𝑙 74.5 92.3 76.9 99.5 92.3 85.7 54.6 88.2 96.5 87.9 77.4 83.6 61.2 54.0 81.2 72.3 52.1 29.3 41.0 73.71
Table 9: Detailed results on different loss functions for knowledge interaction on the VTAB-1K benchmark.
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S+Adapter 68.1 92.3 73.1 99.4 90.3 81.9 52.2 87.3 96.1 85.8 77.0 81.9 60.3 49.7 75.6 67.2 50.4 25.5 42.2 71.39 0.07
S+Adapter∗ 70.4 92.4 74.2 99.4 90.9 85.2 52.2 86.4 96.2 85.6 76.5 83.1 61.2 52.3 77.7 70.4 50.8 28.2 43.8 72.47 0.07
L+Adapter 72.8 91.8 74.4 99.5 92.2 84.0 54.0 87.1 96.2 89.1 75.6 78.6 57.0 52.6 77.5 68.2 53.4 25.7 34.8 71.81 0.30
L+Adapter∗ 77.3 91.7 77.5 99.6 92.9 88.2 58.5 87.5 96.6 89.8 76.4 81.5 55.7 54.8 81.9 73.7 54.1 27.6 38.5 73.89 0.30

Table 10: Detailed results for ViT-S/16 (S) and ViT-L/16 (L) [42] on the VTAB-1K benchmark. The symbol ∗ indicates employing
the PEFT method within our GIST framework.
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Adapter 70.2 93.3 77.3 99.6 92.4 82.1 54.9 87.9 96.1 88.3 76.8 84.6 56.2 52.8 83.6 78.2 54.2 24.4 37.9 73.19 0.21
Adapter∗ 71.6 93.5 77.9 99.6 92.6 85.4 55.6 88.9 96.7 88.7 77.0 84.6 60.4 54.3 85.3 78.9 53.1 26.8 38.0 74.15 0.21

Table 11: Detailed results for Swin-B [28] on the VTAB-1K benchmark. The symbol ∗ indicates employing the PEFT method
within our GIST framework.
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Adapter 70.2 92.6 74.6 99.4 91.2 80.4 51.4 84.1 96.3 88.0 75.6 84.2 59.6 53.2 76.3 60.7 51.9 27.8 40.2 71.46
Adapter+BYOT 62.8 92.2 71.3 99.2 89.2 83.4 46.8 85.2 96.3 86.9 76.5 81.8 49.7 52.9 59.0 53.8 76.5 23.2 37.4 69.70
Adapter+CS-KD 77.6 94.0 75.2 99.7 91.7 88.3 51.8 83.5 96.7 88.3 76.4 80.1 28.1 51.7 74.4 52.9 79.5 24.9 38.7 71.24
Adapter+USKD 73.0 92.2 72.2 99.5 91.4 80.5 52.1 85.9 96.7 88.0 76.6 83.4 58.9 53.6 57.6 53.5 77.9 26.2 37.4 71.40

Adapter∗ 74.5 92.3 76.9 99.5 92.3 85.7 54.6 88.2 96.5 87.9 77.4 83.6 61.2 54.0 81.2 72.3 52.1 29.3 41.0 73.71
Table 12: Detailed results with different self-knowledge distillation methods on the VTAB-1K benchmark. The symbol ∗
indicates employing the PEFT method within our GIST framework.

in MaPLe [23]. Specifically, we conduct 16-shot training and tested
on full test sets. We use a pre-trained ViT-B/16 CLIP model as the
backbone. Our batch size is set to 4, with a learning rate of 0.0035,
and we utilize SGD as the optimizer. Training is conducted over five
epochs. For text modality inputs, we consistently use the template
‘a photo of a {CLASS}’. Regarding the model settings, we exclusively
adopt the default configurations from the official MaPLe code.

7 MORE EXPERIMENTAL RESULTS
Due to space constraints, when conducting ablation experiments
on the VTAB-1K benchmark, we only present the arithmetic mean
of the Top-1 accuracy. Therefore, we display the complete results
of all experiments, as shown in Tables 6, 9, 7, 8, 10, 11, and 12.

8 VISUALIZATION
Due to space constraints in the main paper. Thus, we present the
more visualization results for the VTAB-1K benchmark, as depicted
in Figure 2.
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Figure 2: The results of visualization. We selected the datasets from the VTAB-1K benchmark with fewer than 20 categories for
visualization. FT stands for full parameter fine-tuning, and LP stands for Linear Probing. The symbol ∗ indicates employing the
PEFT method within our GIST framework.
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