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Abstract
Following the recent popularity of vision language models,
several attempts, e.g., parameter-efficient fine-tuning (PEFT),
have been made to extend them to different downstream tasks.
Previous PEFT works motivate their methods from the view
of introducing new parameters for adaptation but still need to
learn this part of weight from scratch, i.e., random initializa-
tion. In this paper, we present a novel strategy that incorpo-
rates the potential of prompts, e.g., vision features, to facil-
itate the initial parameter space adapting to new scenarios.
We introduce a Feature-Adapted parameTer Efficient tun-
ing paradigm for vision-language models, dubbed as FATE,
which injects informative features from the vision encoder
into language encoder’s parameters space. Specifically, we
extract vision features from the last layer of CLIP’s vision
encoder and, after projection, treat them as parameters for
fine-tuning each layer of CLIP’s language encoder. By adjust-
ing these feature-adapted parameters, we can directly enable
communication between the vision and language branches,
facilitating CLIP’s adaptation to different scenarios. Experi-
mental results show that FATE exhibits superior generaliza-
tion performance on 11 datasets with a very small amount of
extra parameters and computation.

Introduction
In recent years, we have witnessed impressive develop-
ments in vision-language modelling. Many foundation mod-
els (Dou et al. 2022b; Radford et al. 2021; Li et al. 2022a;
Kim, Son, and Kim 2021; Li et al. 2021; Kamath et al. 2021;
Dou et al. 2022a; Li et al. 2022b), e.g., CLIP (Radford et al.
2021), have facilitated many vision tasks: instead of training
a model from scratch for each individual task, one can sim-
ply apply these pre-trained vision-language models (VLMs)
and then (partially) fine-tuning them on various downstream
tasks to achieve promising performance.

Existing algorithms often perform fine-tuning in an effi-
cient style, which mainly encompasses two techniques: (i)
Prompt learning (Rao et al. 2022; Tsimpoukelli et al. 2021;
Bulat and Tzimiropoulos 2023; Yao, Zhang, and Xu 2023a;
Zhou et al. 2022b,a). They often attempt to incorporate tun-
able or task-orientated prompts, e.g., vision features (Zhou
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Figure 1: Comparative Overview: Previous Methods vs.
FATE. Previous method using (a) Prompt Learning, (b)
Parameter-Efficient Fine-Tuning. (c) our proposed FATE.

et al. 2022a), with handcrafted input prompts of a model, tar-
geted adjust the initial prompt space to satisfy downstream
scenarios (see Fig. 1 (a)). (ii) Parameter-efficient fine-tuning
(PEFT) (Chen et al. 2022a,b; Gao et al. 2024; Hu et al. 2022;
Mou et al. 2024). As shown in Fig. 1 (b), their common idea
is to learn a small set of parameters from scratch to help the
initial parameter space adapt to new scenarios. Considering
features can be treated as a type of pre-trained parameter in-
corporated into a prompt space tailored for new scenarios,
we raise a question by the light of nature: Is there any way
to take advantage of these informative features for the initial
parameter space to facilitate its adaptation?

In this paper, to offer a solution to this question, we
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propose a simple yet effective paradigm for CLIP, called
Feature-Adapted parameTer-Efficient tuning (FATE). In
FATE, we exploit visual features from the image encoder
of CLIP and then incorporate them into the parameter space
of CLIP’s language encoder, as illustrated at the bottom of
Fig. 1. Specifically, we extract vision features from the last
layer of the vision encoder and generate new parameters for
each layer of the language encoder via a projection head. By
fine-tuning these feature-adapted parameters, we can effec-
tively integrate visual information into the parameter space
of the language model. Consequently, our proposed FATE
efficiently and effectively adapts CLIP to different few-shot
generalization scenarios with a very small amount of extra
parameters and computation.

Comprehensive experiments on 11 datasets covering a di-
verse set of visual recognition tasks demonstrate that FATE
shows leading performance. Additionally, FATE demon-
strates remarkable acceleration compared with the current
prompt engineering and PEFT methods.

Related Work
Vision-Language Models
Recent advancements in Vision-Language Models (VLMs),
e.g., CLIP (Radford et al. 2021), ALIGN (Jia et al. 2021),
LiT (Zhai et al. 2022), and Kosmos (Huang et al. 2024), have
engaged considerable interest from industrial and research
community. The core idea of these models is to leverage
abundantly available data for learning joint image-language
representations. For example, CLIP (Radford et al. 2021)
and ALIGN (Jia et al. 2021) train a multi-modal network
by using approximately 400M and 1B image-text pairs, re-
spectively. Despite the pre-trained VLMs can learn general-
ized representations, directly adapting them to satisfy var-
ious downstream tasks is a significant challenge. Numer-
ous works have been proposed to adapt VLMs for different
tasks, e.g., few-shot image classification (Gao et al. 2024;
Zhou et al. 2022c), object detection (Zang et al. 2022), and
segmentation (Peng et al. 2024a; He et al. 2023). In this
work, we propose a novel paradigm for CLIP to effectively
facilitate its adaptation to different downstream tasks.

Prompt Learning
It is acknowledged that the concept of prompt learning is
proposed by (Lester, Al-Rfou, and Constant 2021) for natu-
ral language process. Lately, (Wang et al. 2022) introduces
prompt learning for image recognition. As a pioneer, Wang
et al (Petroni et al. 2019) propose that the pre-trained lan-
guage models can be treated as knowledge databases. In
light of this, the following works (Shin et al. 2020; Zhou
et al. 2022b) argue that a prompt can be manually designed
for a downstream task or automatically learned during fine-
tuning. For example, LPAQA (Jiang et al. 2020) chooses
the optimal prompt from a group of candidate prompts that
generated by using text mining and paraphrasing. Auto-
prompt (Shin et al. 2020) selects the best token that causes
the great gradient changes from a vocabulary. CoOp (Zhou
et al. 2022b) uses learned continuous vectors as a prompt.

CoCoOp (Zhou et al. 2022a), as a variation of CoOp, gener-
ates an input-conditional token as a prompt for each image
to enhance generalization. Maple (Khattak et al. 2023) inten-
sifies the collaboration by mapping text prompts to image
prompts. These approaches, however, predominantly focus
on a prompt space. Differently, our FATE directly incorpo-
rates the visual features into the parameter space of CLIP’s
text encoder, offering a simple yet effective solution to facil-
itate its adaptation.

Parameter Efficient Fine-Tuning

Parameter Efficient Fine-Tuning (PEFT) methods (Hu et al.
2022; Chen et al. 2022a) can efficiently adapt pre-trained
large-scale models to various downstream tasks, which
has already been widely studied in the field of com-
puter vision (Peng et al. 2024c,b) and multi-modal (Peng
et al. 2024a). These PEFT methods mainly include
the reparameterization-based methods (e.g. LoRA (Hu
et al. 2022)) and addition-based methods (e.g. Adapter-
former (Chen et al. 2022a)). For the reparameterization-
based PEFT methods, they retrain a small fraction of pre-
trained parameters (Hu et al. 2022) or reconstruct the whole
parameter space (Peng et al. 2024c) of the pre-trained
model. For the addition-based method, they add a learnable
lightweight network in parallel with a pre-trained model,
e.g., Clip-Adapter (Gao et al. 2024) and Tip-Adapter (Zhang
et al. 2022), which add a trainable small network con-
nected with CLIP’s image encoder. Besides, cross-modal
adapter (Jiang et al. 2022) inserts a single adapter after ev-
ery self-attention and feed-forward MLP modules for text-
video retrieval, respectively. Nevertheless, these existing
PEFT methods learn new parameters from scratch for di-
verse downstream tasks, ignoring the model’s inherent fea-
ture information which can be treated as factual knowledge.
In this paper, our FATE utilizes a novel paradigm for CLIP,
that incorporates visual features as a correlation knowledge
into text encoder parameter space with minimal additional
parameters and computation.

Preliminaries

Vision Language Model

Since we build upon our method on CLIP (Radford et al.
2021), one of the representative vision language models,
we briefly introduce it. CLIP consists of a text encoder T
and an image encoder V . During pre-training on large-scale
image-text pairs, CLIP is required to encode images and
text descriptions simultaneously to learn an aligned embed-
ding space for visual and language modalities by contrastive
learning. Consequently, pre-trained CLIP shows remarkable
performance on zero-shot transferability for various down-
stream tasks.

More specifically, denote FV is the image feature gener-
ated from an image I by CLIP’s image encoder V , which
includes K transformer layers VK

i=1. Formally, FV can be
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Figure 2: Overview of the proposed FATE framework for fine-tuning in CLIP. Our FATE tunes both image and text encoders
where only the projector and position embedding are learned, while the whole pre-trained CLIP models are frozen. FATE
integrates the visual information into language modal parameter space to facilitate the model’s adaptation with a very small
amount of extra parameters and computation.

obtained as follow:

FV,0 =PatchEmbed(I) (1)
[ci,FV,i] =Vi([ci−1,FV,i−1]), i = 1, 2, · · · ,K (2)

FV =PatchProj(cK), (3)

where PatchEmbed(·) splits the image I into fixed-size
patches and projects these patches into feature embeddings.
These features are concatenated with a learnable class token
embeddings c1 are input to K transformer layers VK

i=1. The
class token cK is protected to obtain the final image fea-
ture FV via PatchProj(·). Similarly, the corresponding text
feature FT is first generated from a text description T and
then feeding into CLIP’s text encoder T with K transformer
layers T K

i=1 as follow:

[Fj
T,0]

N
j−1 =TextEmbed(T) (4)

[Fj
T,i]

N
j−1 =Ti(FT,i−1), i = 1, 2, · · · ,K (5)

FT =TextProj(FN
T,K), (6)

where TextEmbed(·) tokenize and project the text descrip-
tion T into N word embeddings, which are then input to K
transformer layers T K

i=1. TextProj(·) projects the token FN
T,K

to obtain the final text feature FT . The text feature FT and
text feature FT lie in the common vision-language latent
space. During training, CLIP maximizes the cosine similar-
ity scores sim(FV ,FT ) between the image with matched
text description, and minimizes the cosine similarity be-
tween the image with unmatched text description. CLIP can
perform task-specific predictions in different scenarios via
computing the cosine similarity scores. For zero-shot clas-
sification, the class labels y = 1, 2, · · · , C are designed as
text prompt, and the prediction ŷ can be computed as:

p(ŷ∥FV ) =
exp(sim(FV ,F

y
T )/τ)∑C

i=1 exp(sim(FV ,Fi
T )/τ)

, (7)

where τ is a temperature parameter.

Methodology
In this section, we present the whole framework of our
method in detail. After that, we provide a detailed analysis
of its complexity.

Feature-Adapted Parameter-Efficient Tuning
This section gives a new perspective on fine-tuning CLIP
for various downstream tasks, i.e., feature-adapted param-
eter tuning (FATE). Considering that the parameter space
of pre-trained VLMs stores abundant knowledge for creat-
ing distinguish features for new scenarios (Han et al. 2021),
rather than training new parameters from scratch, i.e., ran-
dom initialization, we leverage the distinguish features and
project them into parameter space for adapting CLIP, which
is simple yet effective. The core of the proposed FATE lies
in fine-tuning a vision encoder projector, aiming to project
existing visual information into CLIP’s language encoder’s
parameter spaces tailored to new scenarios. Fig. 2 provides
a visual overview of our proposed FATE.

Specifically, for a text encoder’s pre-trained weight W0 ∈
Rd×k, we constrain its update by representing the latter with
visual features FV ∈ Rn′×d′

: W0+W′ = W0+αF(FV),
where F(·) is a projector contained two fully-connected lay-
ers, F(FV) ∈ Rd×k, α is a scaling factor. For h = W0x,
where x ∈ Rn×d is the textual feature, the forward pass of
our proposed FATE can be written as:

h = W0x+W′x = W0x+ αF(FV)x. (8)

9016



As for the projector F(·), it should realize one key func-
tion that aligns the dimension between visual feature FV ∈
Rn′×d′

and the text encoder’s pre-trained weight W0 ∈
Rd×k. We use a non-linear activation (RELU(·)) and two
FC layers f1 and f2 to project the visual feature to the corre-
sponding dimension of the text encoder’s pre-trained weight
as a visual prompt, respectively:

F(FV) = f1(RELU(f2(FV))). (9)

In principle, we can apply the visual prompt to any sub-
set of weight matrices in the CLIP’s text encoder to inject
the visual information into the language modal parameter
space. In the text encoder, there are four weight matrices in
the self-attention module (Wq , Wk, Wv , Wo) and two in
the MLP module. We limit our study to only injecting the vi-
sual information into some of the textual parameter matrices
for downstream tasks and freeze other parameter matrices
without injecting both for simplicity and efficiency. Besides,
we further study the effect of injecting the visual informa-
tion into different types of weight matrices in the CLIP’s
text encoder via ablation study.

Complexity Analysis
This section studies the complexity of our method in terms
of floating point operations (FLOPs). For simplicity, we as-
sume that a layer of CLIP’s text encoder only contains a
multi-head self-attention (MHSA) and an FFN block with-
out taking other modules into account. For a token sequence
that the length is L and the dimension of each token is d, the
FLOPs of a single text encoder layer are calculated as:

FLOPstext =FLOPsMHSA + FLOPsFFN (10)

=(8Ld2 + 4L2d) + (16Ld2)

=4Ld(6d+ L).

For the prompt learning method which uses a vision
prompt whose length is n′ and dimension is d′, the length
of the input tokens is L+ n′ and the FLOPs of a single text
encoder layer become:

FLOPsPrompt = 4d(L+ n′)(6d+ L+ n′), (11)

and the addition FLOPs of K layers text encoder are:

FLOPsPrompt − FLOPstext = Kn′d(6d+ n′ + 2L). (12)

For the PEFT method, the adapter is composed of two FC
layers in which the dimension of latent space is r. The addi-
tional FLOPs of the whole text encoder are:

FLOPsadd − FLOPstext = 4Ldr. (13)

Whereas for our FATE, assume that the size of parameter
space injected visual information is d × k, the additional
FLOPs are n′d(k + d′). Compared with the prompt learn-
ing method, the additional FLOPs of the PEFT method and
our FATE are negligible. Therefore, FATE is a computation-
efficient paradigm to adapt CLIP to different scenarios.

Experiments
In all experiments, we follow prior works (Khattak et al.
2023; Zhou et al. 2022a) to evaluate the performance of
FATE across three different scenarios, including Base-to-
Novel Generalization, Cross-dataset Evaluation, and Do-
main Generalization. We begin by introducing the bench-
mark setting and implementation details. Following this, we
benchmark FATE against various prevailing approaches. Fi-
nally, we delve into an ablation study of our FATE.

Benchmark Setting
Base-to-Novel Generalization. We evaluate the generaliz-
ability of our proposed FATE on 11 image classification
datasets, including 2 general object recognition datasets:
ImageNet (Deng et al. 2009) and Caltech101 (Fei-Fei,
Fergus, and Perona 2004); 5 fine-grained image recogni-
tion datasets: OxfordPets (Parkhi et al. 2012), Standford-
Cars (Krause et al. 2013), Flowers102 (Nilsback and Zisser-
man 2008), Food101 (Bossard, Guillaumin, and Van Gool
2014), and FGVCAircraft (Maji et al. 2013); a scene un-
derstanding dataset: SUN397 (Xiao et al. 2010); a texture
dataset: DTD (Cimpoi et al. 2014); a satellite-image recog-
nition dataset: EuroSAT (Helber et al. 2019)and an action
classification dataset: UCF101 (Soomro, Zamir, and Shah
2012). The model is trained using only the base classes in a
few-shot setting while evaluation is conducted on base and
novel categories to test generalizability.
Cross-dataset Evaluation. As suggested in CoCoOp (Zhou
et al. 2022a), we also use the 11 datasets mentioned above
for cross-dataset evaluation, in which all models are trained
on ImageNet with 1000 categories (each category having 16
training samples) and directly transfer the model to evaluate
on other datasets.
Domain Generalization. Following the suggestion (Zhou
et al. 2022a), we employ our proposed FATE pre-trained
on the ImageNet (Deng et al. 2009) dataset and subject
them to direct testing on four other specific datasets (Im-
ageNetV2 (Recht et al. 2019), ImageNet-Sketch (Wang
et al. 2019), ImageNet-A (Hendrycks et al. 2021b), and
ImageNet-R (Hendrycks et al. 2021a)) with different data
distributions to evaluate the robustness of models on out-of-
distribution tasks.
Implementation Details. In line with previous works (Zhou
et al. 2022b,a; Khattak et al. 2023), we use a few-shot set-
ting that randomly samples 16 shots for each class in all
experiments. The pre-trained ViT-B/16 CLIP model is used
throughout the experiments. We train FATE for 10 epochs
with a batch size of 10 and an initial learning rate of 0.002
via an SGD solver. All models are trained with a cosine
learning rate schedule on a single NVIDIA 3090 GPU. To
maintain robust results, we report the results of Base and
Novel class accuracy, and their harmonic mean (HM) aver-
aged over three times with different seeds.

Main Results
Base-to-Novel Generalization. Table. 1 presents the perfor-
mance of our FATE and the result compared to several pre-
vailing approaches in the base-to-novel generalization set-
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Methods Average ImageNet Caltech101 OxfordPets
Base Novel HM Base Novel HM Base Novel HM Base Novel HM

CLIP (ICML’21) 69.34 74.22 71.70 72.43 68.14 70.22 96.84 94.00 95.40 91.17 97.26 94.12
CoOp (IJCV’22) 82.69 63.22 71.66 76.47 67.88 71.92 98.00 89.81 93.73 93.67 95.29 94.47

CoCoOp (CVPR’22) 80.47 71.69 75.83 75.98 70.43 73.10 97.96 93.81 95.84 95.20 97.69 96.43
KgCoOp (CVPR’23) 80.73 73.60 77.00 75.83 69.96 72.78 97.72 94.39 96.03 94.65 97.76 96.18
MaPLe (CVPR’23) 82.28 75.14 78.55 76.66 70.54 73.47 97.74 94.36 96.02 95.43 97.76 96.58
LASP (CVPR’23) 82.70 74.90 78.61 76.20 70.95 73.48 98.10 94.24 96.16 95.90 97.93 96.90
RPO (ICCV’23) 81.13 75.00 77.78 76.60 71.57 74.00 97.97 94.37 96.03 94.63 97.50 96.05

FATE 82.11 76.29 79.09 76.40 71.81 74.03 98.17 95.13 96.63 95.12 98.04 96.56

Methods StanfordCars Flowers102 Food101 FGVCAircraft
Base Novel HM Base Novel HM Base Novel HM Base Novel HM

CLIP (ICML’21) 63.37 74.89 68.65 72.08 77.80 74.83 90.10 91.22 90.66 27.19 36.29 31.09
CoOp (IJCV’22) 78.12 60.40 68.13 97.60 59.67 74.06 88.33 82.26 85.19 40.44 22.30 28.75

CoCoOp (CVPR’22) 70.49 73.59 72.01 94.87 71.75 81.71 90.70 91.29 90.99 33.41 23.71 27.74
KgCoOp (CVPR’23) 71.76 75.04 73.36 95.00 74.73 83.65 90.50 91.70 91.09 36.21 33.55 34.83
MaPLe (CVPR’23) 72.94 74.00 73.47 95.92 72.46 82.56 90.71 92.05 91.38 37.44 35.61 36.50
LASP (CVPR’23) 75.17 71.60 73.34 97.00 74.00 83.95 91.20 91.70 91.44 34.53 30.57 32.43
RPO (ICCV’23) 73.87 75.53 74.69 94.13 76.67 84.50 90.33 90.83 90.58 37.33 34.20 35.70

FATE 71.98 75.82 73.85 95.98 75.73 84.66 90.91 91.54 91.22 38.69 35.72 37.15

Methods
SUN397 DTD EuroSAT UCF101

Base Novel HM Base Novel HM Base Novel HM Base Novel HM

CLIP (ICML’21) 69.36 75.35 72.23 53.24 59.90 56.37 56.48 64.05 60.03 70.53 77.50 73.85
CoOp (IJCV’22) 80.60 65.89 72.51 79.44 41.18 54.24 92.19 54.74 68.69 84.69 56.05 67.46

CoCoOp (CVPR’22) 79.74 76.86 78.27 77.01 56.00 64.85 87.49 60.04 71.21 82.33 73.45 77.64
KgCoOp (CVPR’23) 80.29 76.53 78.36 77.55 54.99 64.35 85.64 64.34 73.48 82.89 76.67 79.65
MaPLe (CVPR’23) 80.82 78.70 79.75 80.36 59.18 68.16 94.07 73.23 82.35 83.00 78.66 80.77
LASP (CVPR’23) 80.70 78.60 79.63 81.40 58.60 68.14 94.60 77.78 85.36 84.77 78.03 81.26
RPO (ICCV’23) 80.60 77.80 79.18 76.70 62.13 68.61 86.63 68.97 76.79 83.67 75.43 79.34

FATE 80.92 77.87 79.37 79.24 61.21 69.07 92.04 77.67 84.25 83.81 78.67 81.16

Table 1: Comparison with existing state-of-the-art methods in the Base-to-Novel Generalization setting. “Base” and “Novel”
are the recognition accuracies on base and novel classes respectively. “HM” is the harmonic mean of base and new accuracy,
providing the trade-off between adaption and generalization. The proposed FATE demonstrates strong generalization results
over existing methods on 11 recognition datasets.

Source Target

Im
ag

eN
et

Calt
ec

h1
01

Oxfo
rdP

ets

Stan
for

dC
ars

Flow
ers

10
2

Foo
d1

01

FGVCAirc
raf

t

SUN39
7

DTD
Euro

SAT

UCF10
1

Ave
rag

e

CoOp (IJCV’22) 71.51 93.70 89.14 64.51 68.71 85.30 18.47 64.15 41.92 46.39 66.55 63.88
CoCoOp (CVPR’22) 71.02 94.43 90.14 65.32 71.88 86.06 22.94 67.36 45.73 45.37 68.21 65.74
MaPLe (CVPR’23) 70.72 93.53 90.49 65.57 72.23 86.20 24.74 67.01 46.49 48.06 68.69 66.30

PromptSRC (ICCV’23) 71.27 93.60 90.25 65.70 70.25 86.15 23.90 67.10 46.87 45.50 68.75 65.81

FATE 71.47 94.14 90.52 66.02 72.33 86.09 25.12 67.13 46.99 47.87 68.77 66.95

Table 2: Comparison of FATE with state-of-the-art methods in the Cross-Dataset Evaluation setting. Overall, our FATE obtains
leading average performance over 10 datasets, demonstrating the good zero-shot transferable ability.
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ting on 11 classification datasets. The comparison works in-
clude the zero-shot baseline - CLIP (Radford et al. 2021),
text-based prompt learning methods - CoOp (Zhou et al.
2022b), CoCoOp (Zhou et al. 2022a), KgCoOp (Yao, Zhang,
and Xu 2023b), LASP (Bulat and Tzimiropoulos 2023),
and two recently parameter-efficient fine-tuning methods:
RPO (Lee et al. 2023) and MaPLe (Khattak et al. 2023). In
line with previous (Zhou et al. 2022a; Khattak et al. 2023),
we utilize the classification accuracy of the base (Base) and
novel (Novel) classes, as well as the trade-off between these
two metrics – harmonic mean (HM), as the evaluation met-
rics.

Obviously, our proposed FATE surpasses the previous
works and achieves the best average performance in terms
of base and novel accuracy and their harmonic mean (HM)
over 11 datasets. LASP (Bulat and Tzimiropoulos 2023),
which uses handcrafted textual prompts, maximizes the cor-
rect classification probability of the prompts by using a text-
to-text loss. In all prevailing approaches, LASP achieves
the best trade-off in base-to-novel generalization. The pro-
posed FATE outperforms LASP in that FATE performs bet-
ter than LASP on the base class and novel class general-
ization. Meanwhile, compared with LASP used handcrafted
textual prompts, FATE is more flexible to be deployed in
various scenarios. Next, MaPle (Khattak et al. 2023) as a
multimode prompt learning method adds learnable prompts
of both text and image encoders and improves the alignment
between text and image features via a couple function. FATE
performs better than MaPLe in terms of base accuracy, novel
accuracy, and their harmonic mean, respectively. The com-
parative results on all 11 datasets indicate that our FATE as a
new paradigm injected visual information into the language
modal provides the best trad-off in the Base-to-Novel gener-
alization.
Cross-dataset Evaluation. In the cross-dataset evaluation
setting, FATE is trained on all the 1,000 classes of ImageNet
and then directly transferred for evaluation on the remain-
ing 10 datasets. All experiments use the same learning rate
as in the base-to-novel generalization. Table. 2 presents all
comparative results of our FATE with other state-of-the-art
methods. On the whole, our FATE outperforms the others
and attains the best average accuracy of 66.95. It is noted
that FATE surpasses MaPle, which is the second performer,
in half of these 10 datasets. In addition, our FATE also ob-
tains competitive performance against CoOP, CoCoOp, and
MaPLe on ImageNet, which is the trained source dataset.
These results demonstrate that our FATE achieves injecting
visual information into the language model and has good
zero-shot transferability.
Domain Generalization. In the domain generalization set-
ting, Evaluating models on out-of-distribution tasks is vital,
and we pre-train the models on ImageNet datasets and di-
rectly test them on specific datasets with diverse data distri-
butions. As shown in Table. 3, we evaluate the model, which
trained on the entire 1,000 classes of ImageNet, on 4 variant
datasets derived from ImageNet. These results indicate that
our FATE outperforms MaPLe and CoCoOp performance on
out-of-distribution datasets and demonstrates the robustness
of domain shifts in the domain generalization setting.

Methods ImageNet -V2 -S -A -R

CLIP (ICML’21) 66.73 60.83 46.15 47.77 73.96
CoOp (IJCV’22) 71.51 64.20 47.99 49.71 75.21

CoCoOp (CVPR’22) 71.02 64.07 48.75 50.63 76.18
MaPLe (CVPR’23) 70.72 64.07 49.15 50.90 76.98

FATE 71.47 64.08 49.58 50.99 77.12

Table 3: Comparison of FATE with state-of-the-art methods
in the Domain Generalization setting. Overall, our FATE ob-
tains the best performance in all out-of-distribution datasets,
showing good robustness to domain shifts.

SA. la. FFN la. Base Novel HM

Baseline † - - 53.24 59.90 56.37

Parameter
Space

-
√

77.24 56.64 65.36√
- 78.98 58.72 67.36√ √

79.24 61.21 69.07

Table 4: Ablation on selecting which parameter space of
text encoder for injection visual information. “SA. la”: Self-
Attention layers. “FFN la.”: Feed-Forward Network layers.
“Baseline †”: zero-shot of CLIP.

Ablation Study
In this section, by conducting ablation studies, we deter-
mine which parameter sub-space of CLIP’s text encoder,
i.e., MHSA or FFN, can be injected with visual informa-
tion to offer better performance. We also conduct an abla-
tion study to demonstrate the effects of visual information
injected layer depth on the CLIP’s text encoder. Addition-
ally, we conduct an ablation study to validate injecting the
visual information into the parameter space or the prompt
space of the CLIP’s text encoder yields better performance.
All results are reported on the DTD dataset.
Select which parameter space for visual information in-
jection? Each layer of CLIP’s text encoder consists of an
MHSA layer and an FFN layer. Accordingly, we inject the
visual information into its parameter space, i.e., the space
formed by the parameters from 1) the MHSA layer, 2) the
FFN layers, and 3) both of them. As shown in Table. 4, only
injecting the visual information into the SA layer parameter
space or the FFN layer parameter space leads to obvious per-
formance drops. This indicates that the visual information
needs to be injected into the whole parameter space of each
layer of CLIP’s text encoder to promote visual and textual
information fusion. Notably, we observe that the required
trainable parameter size FATE is only 15K while leading
to superior performance.
Inject which depth of text encoder for visual informa-
tion? We ablate the experiment to illustrate the effect of
visual information injecting depth for FATE. As shown in
Fig. 3, the general trend indicates that as the visual informa-
tion injecting depth increases, the performance of the model
tends to improve. Overall, our FATE achieves the best per-
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Figure 3: Ablation study on the first K layers for injecting
visual information.

Base Novel HM

Prompt space 77.01 56.00 64.85
Parameter space (ours) 79.24 61.21 69.07

Table 5: Ablation on selecting which space to inject visual
prompts.

Numbers Base Novel HM

1 79.01 60.12 68.28
2 79.24 61.21 69.07
3 79.48 60.77 68.88

Table 6: Ablation study of numbers of FC layers in the pro-
jector F(·).

formance at a depth of 12. This further demonstrates that
the visual information needs to be injected into the whole
of CLIP’s text encoder parameter space to achieve optimal
performance.
Select which one of the parameter space and the prompt
space in one signal layer is the injected space of visual
information? Table. 5 shows the impact of selecting the pa-
rameter space or the prompt space. We observe that the pa-
rameter space is a more efficient space to inject visual in-
formation. Interestingly, the parameter space is significantly
higher than the prompt space in the novel class accuracy.
It means that injecting visual information into the param-
eter space capability contributes to improving the VLMs’
generalization. In the language encoder’s parameter space
of VLMs, our method adeptly fuses the visual information
and textual information and efficiently boosts better perfor-
mance.
Numbers of MLP in the projector F(·). In order to exam-
ine the impact of different numbers of MLP in the projector
F(·), we carry out experiments to study it. As presented in
Table. 6, the result shows that the highest point of perfor-
mance is reached at 2.

α Base Novel HM

0.0001 75.46 57.89 65.52
0.0005 77.66 60.92 68.28
0.001 79.24 61.21 69.07
0.005 79.31 60.51 68.65
0.01 79.42 60.32 68.56

Table 7: Scaling factor α.

Base Novel HM

Add (ours) 79.24 61.21 69.07
Concatenation 79.98 61.12 69.28

Non-linear 79.11 62.45 69.79

Table 8: Ablation study of fusion mechanism.

Scaling factor α. The scaling factor α balances the impor-
tance of the original textual information and the injected vi-
sual information. We assess the effect of the scaling factor α
by carrying out a series of experiments. Table. 7 shows that
with α = 0.001, FATE achieves the optimal trade-off perfor-
mance. Moderately increasing the injection of visual infor-
mation is beneficial to facilitate our model’s adaptation, but
the excessive increase leads to a performance decline due to
the visual information redundancy.
Fusion Mechanism. Table. 8 shows the impact of differ-
ent fusion mechanisms. “Concatenation” improves the base
performance but degrades the novel one. “Non-linear” show
an opposite trend. Nevertheless, changing the fusion mech-
anism can further improve the performance of HM.

Conclusion
Existing attempts that transfer the pre-trained VLMs to dif-
ferent downstream tasks mainly focused on introducing new
parameters for adaptation and needing to learn this part of
weight from scratch. To facilitate the new parameter space
adapting to new scenarios, we inject informative features
from the vision encoder into language encoder’s parame-
ters space and propose a novel feature-adapted parameter
efficient tuning paradigm, called FATE. In FATE, we lever-
age the relationship between the visual feature exploited
from the image encoder of CLIP and the parameter space
of the CLIP’s text encoder to generate feature-adapted pa-
rameters within the text encoder parameter space. By adjust-
ing these feature-adapted parameters, we can achieve com-
munication between vision and language branches and effi-
ciently adapt CLIP to different scenarios. Extensive exper-
iments have produced compelling results, showing that our
FATE has superior generalization performance with a few
extra parameters and computation.
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