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Abstract

Textual-based prompt learning methods primarily em-
ploy multiple learnable soft prompts and hard class to-
kens in a cascading manner as text inputs, aiming to align
image and text (category) spaces for downstream tasks.
However, current training is restricted to aligning images
with predefined known categories and cannot be associated
with unknown categories. In this work, we propose utiliz-
ing universal attributes as a bridge to enhance the align-
ment between images and unknown categories. Specifically,
we introduce an Attribute-anchored Textual Prompt learn-
ing method for vision-language models, named ATPrompt.
This approach expands the learning space of soft prompts
from the original one-dimensional category level into the
multi-dimensional attribute level by incorporating multiple
attribute tokens into the learnable soft prompts. Through
this modification, we transform the text prompt from a
category-centric form to an attribute-category hybrid form.
Additionally, we introduce a straightforward differentiable
attribute search method to identify representative and suit-
able attributes for downstream tasks. As an easy-to-use
plug-in technique, ATPrompt can seamlessly replace the ex-
isting basic prompt format in textual-based methods, pro-
viding general improvements at a negligible computational
cost. Extensive experiments across 11 datasets validate
the effectiveness of our method. Code is publicly available
at https://github.com/zhengli97/ATPrompt.

1. Introduction
Vision-Language Models (VLMs) [10, 20, 21, 28, 29, 32,
34, 35], such as CLIP [3, 32] and ALIGN [10], have demon-
strated exceptional performance in recent years. These
models are trained with a contrastive loss to establish align-
ment between image and text (category) space. Inspired
by the success of NLP [18, 19], prompt learning [52] has
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Figure 1. Comparison of image and text (category) alignment pro-
cesses through learnable prompts. (a) Current prompt learning
methods align images with predefined categories but fail to estab-
lish accurate associations with unknown categories. (b) ATPrompt
leverages universal attributes as an intermediary to create more ac-
curate alignments between images and unknown categories.

emerged as a parameter-efficient tool to adapt powerful
VLMs to downstream tasks. Models with a few learn-
able soft prompt tokens [11, 47, 51] can achieve perfor-
mance parity with, or even outperform, fully fine-tuned
ones [11]. Depending on how the soft prompt tokens are
applied, existing methods can be broadly classified into
textual-based [13, 14, 23, 40, 51, 52] and visual-based ap-
proaches [1, 2, 11, 16, 46]. Among these, the textual-based
method is the most fundamental and straightforward, com-
prising the majority.
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In typical image classification tasks, current text-based
methods [13, 14, 51, 52] predominantly employ the tra-
ditional approach of concatenating learnable soft prompts
with hard class tokens to replace handcrafted text prompts
(e.g., “a photo of a {class}”) as inputs to the encoder. Al-
though this text prompt demonstrates strong performance,
it restricts image alignment during training to predefined
known categories only, thereby preventing accurate asso-
ciations with unknown categories, as shown in Fig. 1(a).
Intuitively, when confronted with an unfamiliar category,
humans often associate it with additional attributes (e.g.,
color, shape or texture) to increase comprehensibility and
clarity, rather than merely stating the object’s name. For
instance, one might describe a cheetah as: “The cheetah
is a cat-like animal with a small head, short yellow hair,
and black spots.” or refer to an apple as “That red spheri-
cal fruit with orange stripes is an apple.” instead of using
a general description such as “This is a cheetah.” or “That
fruit is an apple.” Attributes can serve as bridges that con-
nect unknown categories to our known knowledge.

Building on these observations, we propose a novel ap-
proach that leverages attributes as a bridge to enhance
the alignment between images and unknown categories.
Specifically, we introduce an attribute-anchored textual
prompt learning method for VLMs, named ATPrompt. This
method extends the learning space of soft prompts from
the original one-dimensional category level to a multi-
dimensional attribute level by integrating multiple fixed
universal attribute tokens into the learnable soft prompts.
Guided by these anchored attributes, soft tokens acquire not
only category-specific but also attribute-related general rep-
resentations during training. This results in improved align-
ment between images and unknown categories compared to
the original method, as shown in Fig. 1(b). Additionally,
based on the depth at which soft prompts are applied, we
propose two versions of ATPrompt: shallow and deep, re-
spectively, ensuring compatibility with existing methods of
varying depths [13, 14, 52]. To finalize these attributes, we
present a simple and effective differentiable attribute search
method that learns to identify suitable attributes from a can-
didate pool constructed by LLMs. The search operation
only needs to be performed once per task, and once com-
pleted, the selected attributes can be used by ATPrompt for
model training.

As an easy-to-use plug-in technique, ATPrompt can
seamlessly substitute existing forms used in textual-based
prompt learning methods, yielding general improvements
with negligible additional computational overhead.

Our contributions can be summarized as follows:
• We propose an efficient attribute-anchored textual prompt

learning method that expands the learning space of soft
prompts from a one-dimensional class level to the multi-
dimensional attribute level.

• We introduce an effective differentiable search method to
select appropriate attributes for downstream tasks.

• Both shallow and deep versions of ATPrompt are intro-
duced to ensure compatibility with existing prompt learn-
ing methods of varying depths.

• Extensive experiments demonstrate that ATPrompt can
be seamlessly integrated into existing textual-based meth-
ods, resulting in consistently improved performance with
negligible computational costs.

2. Related Work
Prompt Learning for VLMs. Inspired by recent advance-
ments in NLP [18, 19], prompt learning [13, 14, 23, 33, 48,
51–53] has garnered significant interest among vision re-
searchers aiming to apply these techniques to VLMs [10,
32, 42], such as CLIP. CoOp [52] is the pioneering text-
based approach that introduced the concept of using a com-
bination of soft textual tokens and a hard class token as
input. Subsequent studies [13, 14, 17, 23, 41, 44, 51]
have predominantly followed this textual prompt format.
However, this form constrains the soft prompts to align
with images within a one-dimensional, predefined category
space, limiting their applicability to unknown categories.
Therefore, training based on the current text form will be
more likely to overfit to known categories, diminishing
their zero-shot generalization capability for unknown cat-
egories. To address this limitation, several methods have
been proposed [12, 14, 23, 44, 53]. For instance, Kg-
CoOp [44] uses hand-crafted hard prompts to regularize
learnable soft prompts during training. PromptSRC [14]
utilizes CLIP’s [32] original features to regularize the learn-
ing of soft prompts for image and text branches. Promp-
tKD [23] utilizes a pre-trained strong teacher model to guide
the learning of a student model [8, 22, 24, 43] with learn-
able prompts. Despite these advancements, none of the
above methods address the inherent limitations of the for-
mat itself. In this work, we introduce the attribute-anchored
textual prompt format for VLMs, which proposes to utilize
attributes as a bridge to build more accurate associations
between images and unknown categories.
Attributes for VLMs. In practice, categories typically en-
compass multiple attributes. When individuals encounter an
unfamiliar category, they often describe it using additional
attributes to enhance the clarity of their communication,
rather than merely stating its name. Inspired by this ob-
servation, numerous studies [4, 30, 37, 38, 45] have begun
to leverage attributes to support their objectives. VCD [30]
was the pioneering work to propose the use of LLMs to de-
compose class names into multiple in-class attributes (e.g.,
beak and tail for birds) for classification. AAPL [15] in-
troduces a meta-network to extract visual attribute features
based on encoded image features, facilitating image-text
alignment. TAP [5] presents a structured “Tree of At-
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Figure 2. Architectural comparison among existing methods. (a) Vanilla CLIP employs a hand-crafted text template as input to the text
encoder. (b) Classical prompt learning proposes a new text form that concatenates multiple learnable soft tokens with class tokens. (c)
ArGue [37] employs multiple in-class attributes mined by LLMs as supplementary information. These attributes are utilized to construct
distinct text groups, which serve as learning targets, thereby regularizing the learning of soft tokens. The final prediction is achieved by
ensembling all groups. (d) Our ATPrompt treats universal attributes as learning components and anchors them into existing soft prompt
templates. Though this operation, we expand the learning space of soft tokens to multi-dimensional attribute levels and facilitate the
alignment of images with unknown class texts.

tributes” approach that leverages attribute-specific knowl-
edge graphs to enhance VLMs. ArGue [37] leverages large
language models to mine multiple in-class attributes and in-
tegrates them into soft prompts and fixed templates to create
multiple text groups. It employs the original text features
generated by the fixed template to regularize the learning
of soft tokens, as illustrated in Fig. 2(c). Most prior stud-
ies have focused on utilizing in-class attributes to enhance
model performance by providing supplementary attribute
information. However, when dealing with an unknown
class, reacquiring the attributes of the new class becomes
necessary—a process that is both complex and costly.

In this work, we believe that universal (inter-class) at-
tributes are more efficient and robust than the in-class at-
tributes used in previous works. Instead of taking attributes
as the learning objective, we treat it as a learning component
and propose to anchor universal attributes into soft prompt
templates, transforming the existing class-centric form [52]
into a hybrid attribute-class learnable textual prompt form.
Our approach can be seamlessly integrated into existing
textual-based methods, enhancing their performance with-
out incurring additional computational costs.

3. Method
Prompt learning [13, 14, 51–53] aims to enhance the gen-
eralization ability of pre-trained VLMs like CLIP on down-
stream tasks by training inserted learnable soft tokens. Ex-
isting textual-based methods all follow the classic prompt
paradigm, concatenating soft prompt tokens and hard class
tokens as the input to the text encoder, as shown in Fig. 2(b).
In this paper, we propose a simple and effective textual
prompt learning method, named ATPrompt, which anchors
multiple fixed universal attribute tokens into the original
soft prompts, as shown in Fig. 2(d). Guided by these at-
tributes, soft prompts can learn not only category-specific
but also attribute-related general representations through
training. When encountering unknown categories, these

learned attribute-related tokens can provide additional in-
formation to promote better image-text alignment. Further-
more, to identify these universal attributes, we present an
automated pipeline that encompasses sequential steps. Ini-
tially, we employ LLMs to synthesize the attribute pool for
the current downstream category. Subsequently, we propose
a differentiable attribute search method designed to iden-
tify attributes within the pool that are most suitable for our
attribute-anchored prompt forms. For every task, this search
operation is conducted only once. Once the attributes are
finalized, they are integrated into our ATPrompt for special-
ized model fine-tuning.

3.1. Preliminary

Vision-Language Models. Existing VLMs, such as
CLIP [32], have demonstrated remarkable zero-shot gen-
eralization performance after training with 400 million
image-text pairs. The primary objective of these models
is to learn the alignment between image and text modali-
ties produced by each encoder [6, 27, 49]. Given a labeled
image classification dataset D = {(x, c)} which includes N
class labels C = {ci}Ni=1, CLIP makes predictions by calcu-
lating the cosine similarity between image features and the
text features of each class. Specifically, for each input im-
age x, it undergoes feature extraction via the image encoder
hI(x) and obtains a feature vector u = hI(x). Simultane-
ously, for each class, a series of textual descriptions t are
generated using the hand-crafted template. Then, these text
descriptions are fed into the text encoder hT (x) to obtain
text features w = hT (t). Finally, the output probability for
image x classified to c is calculated as follows:

p(c|x) = exp(cos(u,wc)/τ)∑N
i=1 exp(cos(u,wi)/τ)

. (1)

where τ is the temperature parameter and cos(·, ·) denotes
cosine similarity.
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Figure 3. An illustration of the computation process for shallow and deep versions. Take two attributes [A] and [B] as examples. (a) The
shallow version concatenates hard attribute tokens, soft prompt tokens, and class tokens and inputs them into the encoder for calculation.
(b) The deep version uses the same input but discards the class-related soft prompt tokens after calculating the self-attention and introduces
them again before the next layer. These two forms can be compatible with existing methods of varying prompt depths, including input-level
ones like CoOp [52], CoCoOp [51] and depth-level ones like MaPLe [13].

Prompt Learning for VLMs. Instead of manually de-
signed hard prompts for image-text alignment, which is in-
accurate and inflexible, recent prompt learning works [13,
14, 44, 51, 52] like CoOp propose to learn appropriate soft
textual prompts for downstream tasks. Concretely, M learn-
able soft tokens [Ti]

M
i=1 are concatenated with the hard class

token [CLS] as the input of the text encoder, as shown in
Fig. 2(b). Its form is shown as follows:

PT = [T1][T2]...[TM ][CLS], (2)

where M represents the length of soft tokens. For simplic-
ity, we omit the prefix and suffix tokens in the input.

In addition to embedding soft tokens at the input level,
existing studies [11, 13, 14, 23] have also explored intro-
ducing them at deeper layers. This is achieved by adding
soft tokens within the Transformer blocks and subsequently
removing them after the self-attention computations. For
the i-th block, this process can be described as follows:

[CLSi] = Li([Ti−1,CLSi−1]). (3)

where Li represents the i-th transformer block and Ti de-
notes the set of learnable soft tokens, defined as Ti =
{[T1]i, ..., [TM ]i}.

3.2. Learning soft prompts with universal attributes
Our approach introduces two variants, distinguished by the
number of layers at which soft tokens are applied: a shallow
version and a deep version, as shown in Fig. 3.
Shallow Version. We begin by introducing the shallow ver-
sion, in which hard attribute tokens are anchored solely at
the input level, as illustrated in Fig. 3(a). Consider two
universal attributes, A and B. According to Eqn. (2), the
shallow-level text prompt PT provided to the text encoder
can be expressed as follows:

PT = [Ta1
]...[Tam

][A][Tb1 ]...[Tbm ][B][T1]...[TM ][CLS].
(4)

where am and bm are hyperparameters specifying the length
of soft tokens for attributes A and B. In our method, we set
these parameters to be the same by default.

While this example places the class token at the end, we
also evaluate configurations where it is positioned at the
front or in the middle. As shown in Tab. 5, the end posi-
tion yields the best performance and is therefore adopted as
our default configuration.
Deep Version. In this version, learnable soft tokens are in-
troduced at the input of the deep layers. Previous works,
such as VPT and MaPLe, discard all soft tokens and subse-
quently reintroduce them after the block. When this opera-
tion is applied to attribute-related words, a gap will emerge
between the introduced excessive low-level tokens and the
existing high-level tokens, thereby weakening the feature
continuity across layers. In this study, our approach se-
lectively discards and then re-adds only class-related soft
tokens in the input, specifically [T1], ..., [TM ], as shown in
Fig. 3(b). Based on Eqn. (3), the deep version of ATPrompt
can be rewritten as follows:

[F1, ,CLS1] = L1([Ta0
,A,Tb0 ,B,T0,CLS0]), (5)

[Fi, ,CLSi] = Li([Fi−1,Ti−1,CLSi−1]).

i = 2, 3, ...,M.
(6)

where Fi represents the features computed by the i-th
Transformer layer. We demonstrate the effectiveness of this
operation in Tab. 6.
Training. Let θ represent the weight of the total soft tokens
and let v denote the selected fixed attribute tokens. Train-
ing is conducted on a labeled dataset D = {(x, c)}, with
the objective of minimizing the cross-entropy loss between
predicted values and ground truth labels. This process can
be formulated as follows:

min
θ

Ltrain = min
θ

∑
x∈D

CE(f(x; v, θ), c). (7)

where f(·) represents the function of the CLIP model.
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categories in one sentence: faces, leopards, motorbikes, 
accordion, …, wild cat, windsor chair, wrench.
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……
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Figure 4. An overview of our attribute search pipeline. (a) We first query the LLM iteratively to obtain multiple independent attributes.
These are subsequently aggregated to form a pool of candidate combinations, which serves as the input for the search process. (b) The
forward computation for each candidate combination is represented by a distinct colored path. To identify the optimal attributes, we
employ an alternating optimization algorithm that co-optimizes the soft tokens and a corresponding path weight vector. Upon completion
of training, the combination associated with the highest-weighted path is selected as the final output.

3.3. Attribute search
Selecting the attributes involves two key considerations:
their content and their quantity. While directly querying
a LLM is a straightforward approach, it has notable draw-
backs. This method cannot determine the optimal number
of attributes for a specific downstream dataset, and query-
ing by category name alone can introduce semantic bias. To
address these issues, we propose an automated pipeline that
selects the appropriate content and quantity of attributes for
the current downstream task, as illustrated in Fig. 4.
Attribute Pool. Inspired by CoT [39, 50], we divide the
entire process into multiple steps to enhance the reasoning
ability of LLMs. First, we prompt the LLM to generate
descriptive sentences for each known category, thereby en-
riching category-related information. Using these descrip-
tions as context, we then prompt the LLM to summarize a
set of independent attribute bases that are common across
these categories. An attribute pool is then formed by cre-
ating all possible combinations of these bases, as shown in
Fig. 4(a). For N attribute bases, this result in a total of
w = C1

N + C2
N + ... + CN

N candidates in the pool, which
constitutes our search space. Note that we do not consider
the order of attributes, as permutations generally do not in-
troduce significant semantic bias or affect the final perfor-
mance, a claim we validate in our experiments.
Attribute Searching. Inspired by DARTS [26], we intro-
duce a differentiable attribute search method that learns to
find representative attributes v from the search space V ,
as shown in Fig. 4(b). To make the search space continu-
ous, we relax the discrete attribute selection into a softmax-

weighted sum over all w possible candidates:

f(x, v;α, θ) =
∑
i∈V

exp(αi)∑
i′∈V exp(αi′)

f(x, vi; θ). (8)

where αi represents the weight for attribute combination vi.
The task of attribute search is thus reduced to learning the
weight vector α for the candidate pool.

After relaxation, our goal is to jointly learn the attribute
weight α and soft prompt tokens θ. Following standard
practice [26, 31, 54], we optimize the weights α by min-
imizing the validation loss Lval, while the soft tokens are
learned by minimizing the training loss Ltrain. We em-
ploy an alternating algorithm [9, 22] to solve this bi-level
optimization problem, alternating between these two sub-
promblems:

α̂ = argmin
α

Lval(f(x, v;α, θ̂), c), (9)

θ̂ = argmin
θ

Ltrain(f(x, v; α̂, θ), c). (10)

where Ltrain and Lval both use the cross-entropy loss func-
tion. After the search, the attribute combination with the
highest weight (αi) is selected.
Cost Analysis. Unlike traditional Neural Architecture
Search (NAS) methods [7, 25, 36], which search computa-
tionally expensive network-level parameters, our approach
focuses on a lightweight token-level search space. This de-
sign makes our method significantly more efficient than pre-
vious approaches. In practice, our search converges in ap-
proximately 5 epochs, oftern requiring less than 5 minutes
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Method
Average ImageNet Caltech101 OxfordPets

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

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
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

PromptSRC (ICCV 23) 84.26 76.10 79.97 77.60 70.73 74.01 98.10 94.03 96.02 95.33 97.30 96.30
ArGue (CVPR 24) 83.69 78.07 80.78 76.92 72.06 74.41 98.43 95.20 96.79 95.36 97.95 96.64
DePT (CVPR 24) 83.66 71.82 77.29 77.13 70.10 73.45 98.33 94.33 96.29 94.70 97.63 96.14

CoPrompt (ICLR 24) 84.00 77.23 80.48 77.67 71.27 74.33 98.27 94.90 96.55 95.67 98.10 96.87
PromptKD (CVPR 24) 86.96 80.73 83.73 80.83 74.66 77.62 98.91 96.65 97.77 96.30 98.01 97.15

CoOp + ATPrompt 82.68 68.04 74.65 (+2.99) 76.27 70.60 73.33 97.95 93.63 95.74 94.77 96.59 95.67
CoCoOp + ATPrompt 81.69 74.54 77.95 (+2.12) 76.43 70.50 73.35 97.96 95.27 96.60 95.46 97.89 96.66
MaPLe + ATPrompt 82.98 75.76 79.21 (+0.66) 76.94 70.72 73.70 98.32 95.09 96.68 95.62 97.63 96.61
DePT + ATPrompt 83.80 73.75 78.45 (+1.16) 77.32 70.65 73.83 98.48 94.60 96.50 94.65 97.99 96.29

PromptKD + ATPrompt 87.05 81.82 84.35 (+0.62) 80.90 74.83 77.75 98.90 96.52 97.70 96.92 98.27 97.59

Method
StanfordCars Flowers102 Food101 FGVCAircraft

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

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
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

PromptSRC (ICCV 23) 78.27 74.97 76.58 98.07 76.50 85.95 90.67 91.53 91.10 42.73 37.87 40.15
ArGue (CVPR 24) 75.64 73.38 74.49 98.34 75.41 85.36 92.33 91.96 92.14 40.46 38.03 39.21
DePT (CVPR 24) 79.67 72.40 75.86 98.20 72.00 83.08 90.43 91.33 90.88 42.53 22.53 29.46

CoPrompt (ICLR 24) 76.97 74.40 75.66 97.27 76.60 85.71 90.73 92.07 91.40 40.20 39.33 39.76
PromptKD (CVPR 24) 82.80 83.37 83.13 99.42 82.62 90.24 92.43 93.68 93.05 49.12 41.81 45.17

CoOp + ATPrompt 77.43 66.55 71.58 97.44 67.52 79.77 88.74 87.44 88.09 40.38 27.22 32.52
CoCoOp + ATPrompt 74.50 73.47 73.98 96.52 73.59 83.51 90.59 91.74 91.16 37.30 33.15 35.10
MaPLe + ATPrompt 75.39 73.84 74.61 97.82 75.07 84.95 90.65 92.00 91.32 37.61 36.15 36.87
DePT + ATPrompt 79.29 73.47 76.27 98.20 73.69 84.20 90.42 91.69 91.05 43.19 33.23 37.56

PromptKD + ATPrompt 82.51 84.03 83.26 99.15 82.03 89.78 92.48 93.86 93.22 49.63 42.35 45.70

Method
SUN397 DTD EuroSAT UCF101

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

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
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

PromptSRC (ICCV 23) 82.67 78.47 80.52 83.37 62.97 71.75 92.90 73.90 82.32 87.10 78.80 82.74
ArGue (CVPR 24) 81.52 80.74 81.13 81.60 66.55 73.31 94.43 88.24 91.23 85.56 79.29 82.31
DePT (CVPR 24) 82.37 75.07 78.55 83.20 56.13 67.04 88.27 66.27 75.70 85.43 72.17 78.24

CoPrompt (ICLR 24) 82.63 80.03 81.30 83.13 64.73 72.79 94.60 78.57 85.84 86.90 79.57 83.07
PromptKD (CVPR 24) 83.69 81.54 82.60 85.84 71.37 77.94 97.54 82.08 89.14 89.71 82.27 86.10

CoOp + ATPrompt 80.84 68.64 74.24 80.83 45.49 58.22 90.34 59.79 71.96 84.49 64.96 73.45
CoCoOp + ATPrompt 80.50 76.86 78.64 78.63 56.89 66.02 87.95 74.15 80.46 82.74 76.40 79.44
MaPLe + ATPrompt 80.98 78.15 79.54 80.50 58.28 67.61 94.84 77.59 85.35 84.08 78.88 81.40
DePT + ATPrompt 82.42 76.48 79.34 82.64 56.77 67.30 89.60 69.50 78.28 85.60 73.15 78.89

PromptKD + ATPrompt 83.87 81.35 82.59 86.92 72.34 78.96 97.05 92.07 94.49 89.29 82.44 85.73

Table 1. Base-to-novel generalization experiments of five baselines with and without our ATPrompt on 11 datasets. Our method achieves
consistent average performance improvement over different baselines.

Method

Source Target Dataset

AverageImage Caltech Oxford Stanford Flowers Food101 FGVC SUN397 DTD Euro UCF101Net 101 Pets Cars 102 Aircraft SAT

CoOp 71.51 93.70 89.14 64.51 68.71 85.30 18.47 64.15 41.92 46.39 66.55 63.88
+ATPrompt 71.67 93.96 90.65 65.01 70.40 85.86 20.97 65.77 43.44 46.59 69.92 65.26 (+1.38)

CoCoOp 71.02 94.43 90.14 65.32 71.88 86.06 22.94 67.36 45.73 45.37 68.21 65.74
+ATPrompt 71.27 93.79 90.62 65.90 71.17 86.03 23.22 66.63 44.44 48.70 70.71 66.59 (+0.85)

MaPLe 70.72 93.53 90.49 65.57 72.23 86.20 24.74 67.01 46.49 48.06 68.69 66.30
+ATPrompt 70.69 94.04 91.03 66.06 71.99 86.33 24.42 67.05 45.21 48.63 69.15 66.75 (+0.45)

Table 2. Cross-dataset generalization experiments of three baselines with and without our ATPrompt on 11 datasets. ATPrompt achieves
consistent average performance improvement on target datasets.
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Dataset Attribute Bases Searched Results

ImageNet
color, size, shape,
habitat, behavior (color, shape)

Caltech101
shape, color, material,

function, size (shape,size)

OxfordPets
loyalty, affection, energy,
playfulness, intelligence (playfulness, energy)

StanfordCars
design, engine,

performance, luxury, color (luxury)

Flowers102
color, flower,

habitat, growth, season (color, habitat, growth)

Food101
flavor, texture, origin,

ingredients, preparation (flavor, preparation)

Table 3. Part of the results obtained after differentiable attribute
search. Please refer to the appendix for the complete results.

on a single A800 GPU for some datasets. In addition, search
efficiency can be improved by curating a smaller set of base
attributes, which narrows the search space.

4. Experiments
4.1. Settings
Base-to-Novel Generalization. Following [14, 23, 51, 52],
we split the dataset into base and novel classes. The model
is trained on the base class training set and evaluated on
the test set. The attributes applied in this experiment are
searched based on the base class. For datasets without a
dedicated validation set, like ImageNet, we split the 16-shot
labeled data, using half for training and the other half for
attribute search.
Cross-dataset Experiments. Consistent with previous
works [14, 51, 52], we first train a model on the ImageNet-
1K source dataset and then evaluate its generalization per-
formance on several out-of-distribution datasets. The at-
tributes used are obtained from the source dataset.
Attribute Search. We select five independent attributes as
the basis in the attribute pool. This results in 31 candi-
date attribute combinations for the search process. We use
ChatGPT-4o for attribute queries. In Tab. 3 reports a sub-
set of the queried attribute bases and the final combinations
selected by our search.
Implementation Details. We evaluate the model perfor-
mance on 15 datasets. We report base and novel class accu-
racy and their Harmonic Mean (HM) averaged over 3 runs.
The details of each dataset are attached in the Appendix.

4.2. Base-to-Novel Generalization
As demonstrated in Tab. 1, we evaluate the base-to-novel
generalization performance of five baseline methods, both
with and without integrating ATPrompt, across 11 diverse
recognition datasets. Notably, ATPrompt consistently im-
proves the average performance of all baseline methods.

Reasons for Limited Improvement in Some Conditions.
(1) Learnable text prompts are the central component in ear-
lier works, and optimizing them through ATPrompt can ob-
viously improve the performance. (2) Recent studies have
expanded beyond learnable text prompts by introducing ad-
ditional learnable modules. Since our work only involves
the optimization of the learnable text prompt part, the im-
provement have become less obvious.

4.3. Cross-dataset Evaluation
Tab. 2 shows the cross-dataset generalization results for
three baseline methods. Our method demonstrates supe-
rior performance, with improvements of 1.38%, 0.85% and
0.45% for CoOp, CoCoOp and MaPLe, respectively.

4.4. Domain Generalization
Tab. 4 shows the domain generalization results for three
baseline methods. The results show that our method im-
proves CoOp, CoCoOp and MaPLe methods by 0.90%,
0.49% and 0.33% respectively.

Method
Source Target Dataset

Average
ImageNet -V2 -S -A -R

CoOp 71.51 64.20 47.99 49.71 75.21 59.28
+ATPrompt 71.67 64.43 49.13 50.91 76.24 60.18 (+0.90)

CoCoOp 71.02 64.07 48.75 50.63 76.18 59.91
+ATPrompt 71.27 64.66 49.15 51.44 76.33 60.40 (+0.49)

MaPLe 70.72 64.07 49.15 50.90 76.98 60.27
+ATPrompt 70.69 64.40 49.10 51.77 77.11 60.60 (+0.33)

Table 4. Domain generalization experiments of three baselines
with and without our ATPrompt on four datasets. The integration
of ATPrompt resulted in better generalization performance.

4.5. Further Analysis
By default, the experiments are conducted on the ImageNet.
To minimize the influence of other components, we mainly
adopt CoOp as the baseline method. Two attributes (color
and shape) are used in our ATPrompt.

1 2 4 6 10
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70.21 70.60 70.27 70.24 69.95

73.02 73.33 73.13 73.16 72.93

Base Novel HM

Figure 5. Illustration of varying soft token length on ImageNet. In-
creased tokens can lead to overfitting to the base class and weaken
generalization to the novel class.
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Soft Prompt Length. In Fig. 5, we examine the optimal
soft token length for both attribute and class tokens. By
varying the length from 1 to 10, we observe that longer
prompts dilute the guiding influence of the attribute tokens,
thereby reducing generalization to novel classes.
Class Token Position. The relative positioning of attribute
tokens and class tokens in our method requires careful con-
sideration. In Tab. 5, we examine configurations where the
class token is positioned in the middle or on either side of
two attribute tokens. The results demonstrate that optimal
performance is achieved when the class token is placed at
the end, which aligns with the findings of CoOp.

Position Base Novel HM

Front 76.12 70.50 73.20
Middle 76.13 70.29 73.09

End 76.27 70.60 73.33

Table 5. Comparison of different class token positions on Ima-
geNet. The end position works best.

Prompt Operation of Deep Version. In ATPrompt-Deep,
we exclusively drop class soft tokens while retaining both
hard and soft attribute tokens after they pass through the
block. In this part, we compare the performance of par-
tial drop (i.e., removing attribute soft tokens while retaining
hard tokens) and full drop (i.e., removing both attribute soft
and hard tokens) operations, as illustrated in Tab. 6.

Operation of Attribute Token Base Novel HM

Retain all hard and soft tokens 76.94 70.72 73.70
Partial drop and re-add 76.87 70.44 73.51
Full drop and re-add 76.83 70.10 73.31

Table 6. Comparison of operations on deep soft and hard attribute
tokens based on MaPLe+ATPrompt. Preserving hard and soft at-
tribute tokens in deep layers performs better than other operations.

The results show that maintaining the attributes of both
hard and soft tokens during the forward process results in
optimal performance. Conversely, dropping and reintroduc-
ing either hard or soft attribute tokens harms performance,
likely because it disrupts the continuity of attribute repre-
sentations across layers and complicates optimization.
Attribute Order. In this study, we do not specifically fo-
cus on the order of attributes because varying the sequence
usually does not result in semantic deviations in reality.
Tab. 7 quantitatively assesses the impact of attribute order
on prompt learning performance. From this table, we ob-
serve that despite variations in order, similar results are con-
sistently produced, and the performance fluctuations across
different orders remain within a reasonable range.
Comparison to Other Attributes. In Tab. 8, we explore
the effectiveness of attributes derived through alternative
methods, specifically by manually selecting class-irrelevant

Attributes Base Novel HM

(shape, color) 76.32 70.39 73.24
(color, shape) 76.27 70.60 73.33

(size, habitat) 76.44 70.23 73.20
(habitat, size) 76.46 70.16 73.14

Table 7. Comparison of different orders on ImageNet. The order
of attributes does not significantly affect the model, and perfor-
mance fluctuations are within a reasonable range.

and common attributes. It shows that manually selected
irrelevant attributes exhibit comparable performance dur-
ing training; however, they perform poorly when applied
to new categories. This suggests that incorrect attribute to-
kens cause the soft tokens to develop biased representations,
thereby diminishing their zero-shot generalization ability.

Type Attributes Base Novel HM

Common (shape, size) 82.83 67.13 74.16
(color, texture) 82.73 67.56 74.38

Irrelevant (plane, engines) 82.81 66.22 73.59
(football, sport) 82.77 67.14 74.14

Searched - 82.68 68.04 74.65

Table 8. Comparison of average performance for various attribute
configurations on 11 datasets. The attributes obtained by our
method achieve the best performance.

5. Conclusion
In this work, we introduce ATPrompt, an attribute-anchored
textual prompt learning method that uses universal at-
tributes as a bridge to improve generalization from seen to
unseen categories. Our approach expands the learning space
of soft prompts from a one-dimensional, category-centric
structure to a multi-dimensional attribute space by anchor-
ing fixed attribute tokens with the prompt. To ensure the
selection of optimal attributes, we propose an automated
pipeline designed to identify the most suitable candidates
for any given downstream task. ATPrompt is designed with
both shallow and deep architectural variants, rendering it
broadly compatible with existing prompt learning methods.
Extensive experiments validate the effectiveness of our ap-
proach. We believe this work offers a new direction for re-
search into the fundamental structure of learnable prompts
in prompt learning area.
Limitations and future works. This work is a prelimi-
nary study of the basic prompt form, which has not been
able to achieve comparable performance to regularization-
based methods when working alone. Furthermore, the cur-
rent selection of attribute anchors relies on manual exper-
imentation, and automatically discovering the optimal an-
chor positions through a learning-based approach remains a
promising direction for future research.
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