This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.

Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Causality-guided Prompt Learning for Vision-language Models via Visual
Granulation

Mengyu Gao'?

Qiulei Dong

12 =

I State Key Laboratory of Multimodal Artificial Intelligence Systems,
Institute of Automation, Chinese Academy of Sciences
2 School of Artificial Intelligence, University of Chinese Academy of Sciences

gaomengyu202l@ia.ac.cn

Abstract

Prompt learning has recently attracted much attention for
adapting pre-trained vision-language models (e.g., CLIP)
to downstream recognition tasks. However, most of the ex-
isting CLIP-based prompt learning methods only show a
limited ability for handling fine-grained datasets. To ad-
dress this issue, we propose a causality-guided text prompt
learning method via visual granulation for CLIP, called
CaPL, where the explored visual granulation technique
could construct sets of visual granules for the text prompt to
capture subtle discrepancies among different fine-grained
classes through casual inference. The CaPL method con-
tains the following two modules: (1) An attribute disentan-
glement module is proposed to decompose visual features
into non-individualized attributes (shared by some classes)
and individualized attributes (specific to single classes) us-
ing a Brownian Bridge Diffusion Model; (2) A granule
learning module is proposed to construct visual granules
by integrating the aforementioned attributes for recogni-
tion under two causal inference strategies. Thanks to the
learned visual granules, more discriminative text prompt is
expected to be learned. Extensive experimental results on
15 datasets demonstrate that our CaPL method significantly
outperforms the state-of-the-art prompt learning methods,
especially on fine-grained datasets. Code is available at
https://github.com/GaoMY-521/CaPI,_Code.

1. Introduction

CLIP[39], a typical vision-language model pre-trained on
large-scale image-text pairs, has shown its zero-shot recog-
nition ability in many existing works[12, 38, 41, 64]. Re-
cently, prompt learning methods have attracted growing in-
terests for further enhancing CLIP’s performance on down-
stream recognition tasks[13, 31, 36, 61].
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Figure 1. Causal graphs of (a) attribute disentanglement and (b)
attribute-driven prompt learning for recognition.

In general, the existing prompt learning methods refine
the inputs of CLIP[39] with learnable prompts[14, 20, 26,
42], so that the visual and textual features outputted from
CLIP are aligned more effectively. The early global prompt
learning methods[52, 54, 55, 62] process the features holis-
tically during prompt learning. Despite achieving improve-
ments on coarse-grained recognition, they fall short in fine-
grained recognition, since the subtle discrepancies among
fine-grained classes cannot be captured by global features
as indicated in [21, 58]. Recently, local prompt learning
methods are proposed to focus on specific attributes, ei-
ther identifying the most discriminative attributes while dis-
carding others[28, 30, 48], or treating all attributes equally
to encode attribute-specific representations[57-59]. How-
ever, these methods cannot allocate dynamic attention to
all attributes as indicated in [11, 63], still leading to a
limited performance on challenging fine-grained datasets
(e.g., Flowers102[34] for flower recognition and FGVC
Aircraft[33] for airplane recognition).

Unlike the existing methods that either discard non-
discriminative attributes or handle all attributes uniformly,
our goal is to disentangle visual features into individ-
ualized attributes (exclusive to single classes) and non-
individualized attributes (shared by some classes), and per-
ceive all attributes according to their discrimination ability,
assuming that all attributes contribute to prompt leaning but
to varying degrees. This idea is supported by the following
fact: In the fine-grained dataset Flowers102[34], petal color



has weak discrimination ability, since more than 20 classes
share yellow petals, yet it still aids in distinguishing classes
with pink and yellow petals, whereas petal shape, such as
trumpet-shaped or heart-shaped, is strongly discriminative
as it varies across classes. To model these relationships, we
introduce the attribute disentanglement graph shown in Fig.
1(a) to capture the connections among visual features and
attributes. Based on this, we propose the attribute-driven
prompt learning graph shown in Fig. 1(b)), which struc-
tures the relationship between a text prompt, visual features,
and attributes. This graph could serve as a guidance for de-
signing corresponding causal inference strategies that en-
able differentiated attribute perception for prompt learning.
Accordingly, we propose a causality-guided text prompt
learning method, called CaPL, where attributes are disen-
tangled from visual features to enable adaptive understand-
ing through a visual granulation technique. Specifically,
an attribute disentanglement module is firstly proposed
to decompose the visual features extracted by CLIP[39]
into non-individualized and individualized attribute repre-
sentations, optimized within a Brownian Bridge Diffusion
Model (BBDM)[29]-based network. Then, a granule learn-
ing module is proposed to construct sets of visual gran-
ules by integrating the disentangled attributes for recog-
nition, where two causal inference strategies are applied:
(1) For each of the individualized attributes, the factual
intervention is to construct a corresponding factual gran-
ule by decorating this individualized attribute with all the
non-individualized attributes; (2) To improve the generaliz-
ability of the text prompt, the counterfactual intervention
is to construct counterfactual granules by swapping non-
individualized and individualized attributes across different
images. Finally, the text prompt is learned under the super-
vision of these visual granules during the training process.
Our contributions are summarized as follows:
We construct an attribute-driven prompt learning graph,
which could depict the relationship between a text
prompt, visual features and attributes. Accordingly, we
propose an attribute disentanglement module to disentan-
gle attributes with different discrimination ability;
We explore the visual granulation technique in the pro-
posed granule learning module under two causal infer-
ence strategies. The text prompt learned by utilizing
the constructed visual granules as supervision signals
could capture fine-grained discrepancies among different
classes as demonstrated in Sec. 4.3;
By integrating the above modules, the causality-guided
text prompt learning method is proposed, whose superi-
ority is demonstrated in Sec. 4.2.

2. Related Work

Global prompt learning. These methods learn prompts by
utilizing features extracted by CLIP[39] holistically. Some
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of them project visual features to learn text prompts[6, 7, 14,
23, 35, 36, 49, 54, 55, 62]. Wang et al.[49] encoded visual
features as a local bias of text prompts. Yao et al.[55] in-
corporated prior knowledge into class-aware text prompts.
Recently, some methods project textual features to learn vi-
sual prompts[3, 22, 42, 51, 56]. Jia et al.[22] introduced vi-
sual prompt before each image encoder layer. Shi et al.[42]
synthesized class name images as visual prompts. More re-
cently, some researchers use both text and visual prompts
for dual-modal feature alignment[13, 20, 24, 25, 48, 52].
Khattak et al.[24] injected dual-modal prompts into each
CLIP encoder layer for mutual synergy. Hu ef al.[20] reg-
ularized dual-modal prompts to retain pre-trained knowl-
edge. However, these methods generally treat the visual
and textual features as a whole, failing to capture differ-
ences between fine-grained classes and resulting in limited
fine-grained recognition [21, 57].

Local prompt learning. These methods extract attribute-
specific features to capture subtle differences between fine-
grained classes[28, 30, 48, 57-59, 63]. Lafon et al.[28] se-
lected top-k discriminative attributes for prompt learning.
Wang et al.[48] proposed hierarchical tuning to preserve
only discriminative attributes in visual features. Zhang
et al. extracted concept-level visual features describing
attributes by a visual concept cache[58] or a conceptual
codebook[57]. Zhang et al.[59] decoupled semantics from
visual features to learn text prompts gradually. Despite their
advancement in fine-grained recognition, they still fall short
on challenging fine-grained datasets since they ignore that
attributes contribute differently to recognition [11, 63]. Un-
likely, we propose a causality-guided text prompt learning
method via visual granulation, enabling perception of at-
tributes based on their discrimination ability.

3. Methodology
3.1. Architecture

Fig. 2 shows the architecture of the proposed causality-
guided text prompt learning method, which contains a pre-
trained CLIP consisting of an image encoder and a text en-
coder, an attribute disentanglement module, and a granule
learning module to learn a text prompt.

As shown in Fig. 2(a), at the training stage, the image
encoder is used to extract visual features from images, and
the text encoder is used to extract prompted textual features
from a combination of a learnable text prompt and class
names following[54, 61]. Then, the attribute disentangle-
ment module decomposes the non-individualized and in-
dividualized attribute representations from visual features.
According to the attribute-driven prompt learning graph
in Fig. 1(b), the granule learning module uses both the
non-individualized and individualized attributes disentan-
gled from the attribute disentanglement module to construct
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Figure 2. Architecture of CaPL, where (a) is the training stage and (b) is the inference stage. x; and x are visual features, s; and d; are
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Figure 3. Architecture of attribute disentanglement module, which
contains two encoders Fs, F/y to extract non-individualized and
individualized attribute representation s;, d; from the visual fea-
ture x; respectively, and a BBDM-based network. The upper fea-
ture transfer process of BBDM is the diffusion process, which gen-
erates latent features zo, ..., z7. The lower one is the reverse pro-
cess, which generate reconstructed features zr, ..., Zo gradually,
To is a learnable transfer model, and £ 4 is the training loss.

visual granules, which are served as supervision signals for
the text prompt to perceive specific attributes.

As shown in Fig. 2(b), at the inference stage, a testing
image is recognized by comparing the cosine similarity be-
tween its visual feature and all prompted textual features.

3.2. Attribute Disentanglement Module

The attribute disentanglement module is proposed to de-
compose visual features into non-individualized and in-
dividualized attribute representations. In order to model
the transition relationship among non-individualized at-
tribute representations, individualized attribute representa-
tions, and the input visual features, a BBDM (Brownian
Bridge Diffusion Model)[29] is introduced in this module
as shown in Fig. 3, inspired by the success of BBDM in
modeling the relationship among different feature distribu-
tions in other tasks [32, 47], and ability of diffusion process
to provide inductive biases for feature disentanglement[53].

Specifically, given the i-th image from class c;, its vi-
sual feature x; is extracted from the frozen CLIP image en-
coder. Two encoders F and E,; are used to obtain non-
individualized attribute representation s; and individualized
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attribute representation d; respectively.
Then, the BBDM is used to optimize the disentangled at-
tributes by learning to reverse the disentanglement process.
It is noted that the input visual features are regarded as tar-
get since they integrate both non-individualized and indi-
vidualized attributes, while the individualized attribute rep-
resentations serve as conditions due to their class-specific
information, in contrast to the non-individualized ones that
capture shared attributes. Therefore, we model the feature
transition from non-individualized attribute representation
s; to the input visual feature x; conditioned on the indi-
vidualized attribute representation d,;. Following [29], the
diffusion process transfers zgp = x; to zr = s; following
the Brownian Bridge stochastic process:
=N (z¢; (1 — my) 20 + myzr, 6,1)

ey

q (Zt|Zo, ZT)

where ¢ € [1,T], T is the transfer step, z; is a latent feature,
my = t)T, & = 2(my — m?), N(z;u,¥) is a Gaussian
distribution with mean p, variance 3, I is an identity matrix.
The reverse process learns to reverse the diffusion process
by transferring zp = s; to zg = X; conditioned on d;:

T
po (2or) = p (21) [ [ po (21|21, 20, ds) ()
=1

where pg (zi_1|2¢,%27,d;) follows a Gaussian distribu-

. . A ~ . 2
tion with mean pg(Z,27,d;) and variance o}

6t 1 (1—7nt)2 A .
0y — 04—1 +—|, 2 is the reconstructed feature
(I—my—1)

at tlme step t. The mean g (2, 2T, d;) is parameterized as
a learnable transfer model Ty (2¢, Zr, d;) to predict the dif-
ference A = zp — zg. Following [29], the transfer model
T is trained by reconstructing zg directly from a random
z; sampled from the diffusion process, rather than iterating
T steps following the reverse process. With z;, the differ-
ence At = Ty (2+, 21, d;) is predicted to obtain the restored
Zo = Z7 — At, and the training loss £ 4 is to minimize the
distance between restored X; = Zg and original x; = zg:

La=|%i—x |3 3)
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are the visual and textual representations of each individualized attribute, {d;} 7,

are NN individualized attributes in a training bath, D is the decoder to generate visual granules, £ fqc, Lcon are training losses.

After training BBDM, the visual features could be effec-
tively decomposed into two representations capturing non-
individualized and individualized attributes respectively.

3.3. Granule Learning Module

Notation. The text prompt is defined as M learnable con-
text vectors v = [vy, ..., vz] following [61]. The prompted
textual feature p. of class c is extracted by the fixed CLIP
text encoder from a concatenation of v and e., where e, is
the class name embedding obtained by CLIP tokenizer.

Then, the granule learning module is proposed to uti-
lize the visual granulation technique for learning the text
prompt. According to the attribute-driven prompt learning
graph in Fig. 1(b), attributes contribute differently to learn-
ing a discriminative text prompt. To explicitly model these
differences, the visual granulation technique constructs sets
of visual granules as supervision signals by integrating dif-
ferent attributes under two causal inference strategies:
Factual intervention. Since individualized attributes are
highly discriminative while non-individualized attributes
have relatively weak discrimination ability, the factual inter-
vention is applied to construct factual granules, as shown in
Fig. 4(a), by decorating each of the individualized attributes
with all non-individualized attributes to provide a complete
yet focused representation for recognition. By serving as
supervision signals for text prompt learning, the effect of
single individualized attributes could be emphasized to en-
hance fine-grained recognition.

Specifically, a series of learnable attribute queries
q',...,q", each corresponding to an individualized at-
tribute, is defined to disentangle the visual representa-
tions {ad .}, and textual representations {af C}C 1 k=1
of each individualized attribute from d; and py, ..., pc re-
spectively, where K is a preset number of individualized
attributes. For the k-th individualized attribute, its visual

representation a¥ , is obtained as follows:

ah, = Q(dia") =S ()" xdi/Vd) xdi @)
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where () is the query process, S(-) is the softmax function,
()T is the transpose operation, and d is the dimension of
d;. The textual representation ap . of an arbitrary class c
can be obtained by: af . = Q (pc7 ¥) accordingly.

Then, the factual granule x¥ is constructed by combining

with the non-individualized representation s;: x

(3

k
g,

D (si, ag,i), where D is a MLP-based decoder.
Finally, the textual representations are learned to recog-

nize the factual granules. On the one hand, the textual repre-
sentations {af ('}c 1,k—1 should recognize which individu-

alized attribute constitutes the factual granule x¥. The prob-
ability p(y, = k|x¥) is defined as follows:

_ eXp(cos(Xf,af; e)/T)
SK 4 )/T)

where y, is the predicted individualized attribute, c¢; is the
class of x;, and 7 is temperature coefficient.

On the other hand, the textual representations are learned
to predict the class of x; by calculating the cosine similarity
between K pairs of {x}}/<, and {af .}/ ,:

p(ya = k|xF) (5)

ak’

(exp(cos(x,al’.,

> iy exp(cos(xf, af . )/7)
> it Yorimy (exp(cos(xf, af ) /7)

where y, is the predicted class. The training loss L, is
the weighted sum of two cross entropy losses:

Py = Cilx;) = (6)

['fac = _log (p (ya = k|Xi€))

where Ay is a constant weight. Note: The ablation study by
omitting the non-individualized attributes is in Sec. 4.3.

Counterfactual intervention. As stated in [, 44], homo-
geneous non-individualized attributes may lead to spurious
correlations in recognizing visual features, which reduces
the generalizability of the text prompt when encountering

— Aflog (p (yo = cilxs)) (1)



heterogeneous attributes. Therefore, the counterfactual in-
tervention is applied to construct counterfactual granules,
as shown in Fig. 4(b), by mixing non-individualized and
individualized attributes across images to simulate alterna-
tive contexts. By serving as another supervision signals, the
generalizability of the text prompt is strengthened.

For the i-th image, givenits s; andalld;,j =1, ..., N in
a training batch, where N is batch size, the counterfactual
granule x; ; is obtained by: x; ; = D (s;,d;). Then, the
counterfactual granule x; ; is assigned to the same class c;
of the j-th image, from which d; is decomposed. The prob-
ability p (y, = ¢;|x; ;) for recognizing x; ; is based on the
cosine similarity between x; ; and py, ..., pc.

Furthermore, to guarantee that the decoder D could gen-
erate accurate visual granules, so that the recognition of x; ;
depends solely on the generalizability of the text prompt, we
propose a reconstruction error to minimize the distance be-
tween x; ; = D (s;,d;) and its corresponding input visual
feature x;. The training loss L., is the weighed sum of the
cross entropy loss and reconstruction error:

Leon = —log (p (Yo = ¢jlxi ) + Ar | % —%ii |13 (8)
where A, is a constant weight. The total training objective
L of the granule learning module is defined as:

CG = »Cfac + [’con (9)

It is noted that we do not apply the reconstruction error
to factual granules, since they are constructed by utilizing
only one individualized attribute and are actually different
from their corresponding input visual features.

3.4. Training and Inference

The proposed CaPL utilizes an iterative training scheme,
where each iteration contains two learning stages:

First, the attribute disentanglement module is learned by
minimizing £ 4 in Eq. (3). Then, with fixed attribute disen-
tanglement module, the text prompt and the granule learn-
ing module are learned by minimizing L in Eq. (9).

At the inference stage, the learned text prompt is used to
generate prompted textual features of all classes. Then, the
cosine similarity between a testing image visual feature and
all prompted textual features is calculated for recognition.

4. Experiments

4.1. Tasks and Implementation Details

Tasks. We evaluate the proposed CaPL in the following
three downstream recognition tasks:

(1) Base-to-new generalization: As done in [57, 60],
our method is evaluated on 11 image recognition datasets
listed in Table 1, and the classes in each dataset are equally
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divided into base and new classes. Our model is trained
with 16-shot images on base classes, and tested on base
and new classes. The evaluation metrics include the average
per-class Top-1 accuracies on base classes “Base” and new
classes “New”, and the harmonic mean H = %.

(2) Cross-dataset transfer: As done in [55, 57], the 11
datasets used in the above task are also used here for testing
the cross-dataset transfer ability of the proposed method.
Our model is trained with 16-shot images from ImageNet-
1K[9] and then tested on the other 10 datasets. The evalua-
tion metric is the average per-class Top-1 accuracy.

(3) Cross-domain generalization: As done in [36, 57],
our method is trained with 16-shot images from ImageNet-
1K[9], and then tested on 4 variants listed in Table 3 for
verifying its cross-domain generalizability. The evaluation
metric is the average per-class Top-1 accuracy.
Implementation details. The image and text encoders of
CLIP are ViT-B-32[2] and transformer[45], which are pre-
trained and kept frozen. The two encoders E, E; and de-
coder D are two-layer MLPs. Following [19, 29], the trans-
fer model Ty is U-Net. The transfer step 7' = 1000, the
number of individualized attributes K = 10, the batch size
N = 64, and the weights A¢, A, = 1. For the n-th iteration,
the epochs of two learning stages are 10 and 10n.

4.2. Comparative Evaluation

The proposed CaPL is evaluated by comparing with 10
state-of-the-art prompt learning methods listed in Table 1. It
is noted that CLIP[39] refers to directly use CLIP for eval-
uation without additional operation. The second to sixth
methods are global prompt learning methods, while the last
4 are local methods. The results of the comparative methods
are cited from their original papers. It is further noted that
Tables 2-3 include some of the 10 comparative methods, as
some were not evaluated on these tasks in their papers.
Base-to-new generalization. Table | reports the results on
base-to-new generalization task, where three points can be
revealed: (1) For coarse-grained datasets (e.g., [10, 43, 50]),
both the global and local methods, as well as our pro-
posed CaPL, achieve superior performance, demonstrat-
ing that the distinct differences between coarse-grained
classes can be effectively captured; (2) For fine-grained
datasets (e.g., [8, 27, 33, 34]), our CaPL significantly out-
performs both the global and local comparative methods.
For example, it improves the harmonic mean by 3.15% on
Flowers102[34], 2.44% on StanfordCars[27], and 2.07%
on FGVCAircraft[33]. These results indicate the effective-
ness of the proposed visual granulation technique in cap-
turing subtle discrepancies among fine-grained classes; (3)
Across the average performance of all 11 datasets, our CaPL
achieves superior recognition results, further indicating the
effectiveness of our method for prompt learning.
Cross-dataset transfer. As shown in Table 2, which re-



Table 1. Comparisons with the state-of-the-art CLIP-based prompt learning methods on base-to-new generalization on 11 public image
recognition datasets. The best and second best results are marked in bold and underline.

Average ImageNet-1K[9] Caltech101[10] OxfordPets[37]

Base New H Base New H Base New H Base New H
CLIP[39] 69.34 7422 7170 | 7243 68.14 70.22 | 96.84 94.00 9540 | 91.17 9726 94.12
CoOp[61] 82.69 6322 71.66 | 7647 67.88 71.92 | 98.00 89.81 93.73 | 93.67 9529 94.47
LoGoPrompt[42] | 84.47 7424 79.03 | 76.74 70.83 73.66 | 98.19 9378 9593 | 96.07 96.31 96.18
COMMA|20] 82.42 75.87 79.04 | 76.04 70.89 73.86 | 97.94 9456 96.50 | 95.62 97.84 96.72
ProMetaR[36] 8439 7693 8049 | 77.76 70.75 74.09 | 98.11 9429 96.16 | 9557 9743 96.49
TCP[55] 84.13 7536 79.51 | 77.27 69.87 73.38 | 9823 94.67 9642 | 94.67 97.20 9592
HPT[48] 8432 76.86 8023 | 7795 70.74 74.17 | 98.37 9498 96.65 | 9578 97.75 96.71
CPL[58] 8438 78.03 81.08 | 78.74 72.03 7524 | 9835 95.13 96.71 | 9586 9821 97.02
CoCole[57] 8522 80.31 8270 | 79.25 74.58 76.84 | 98.17 95.67 96.90 | 9621 98.55 97.37
CDCI[59] 8334 77.38 8025 | 77.50 71.73 7451 | 9820 9437 9625 | 96.07 98.00 97.02
CaPL (ours) 86.37 82.40 84.34 | 7991 75.68 77.80 | 98.96 96.03 9747 | 96.95 99.14 98.03

StanfordCars[27] Flowers102[34] Food101[4] FGVCAircraft[33]

Base New H Base New H Base New H Base New H
CLIP[39] 63.37 7489 68.65 | 72.08 77.80 74.83 | 90.10 91.22 90.66 | 27.19 36.29 31.09
CoOp[61] 78.12  60.40 68.13 | 97.60 59.67 74.06 | 88.33 8226 85.19 | 4044 2230 28.75
LoGoPrompt[42] | 78.36  72.39 7526 | 99.05 76.52 86.34 | 90.82 91.41 91.11 | 4598 34.67 39.53
COMMA[20] 7348 7491 7396 | 9486 75.13 83.88 | 90.42 9274 91.84 | 36.47 3423 3584
ProMetaR[36] 7832 7518 76.72 | 98.13 77.66 86.70 | 90.80 91.89 91.34 | 42.02 38.63 40.25
TCP[55] 80.80 74.13 7732 | 97.73 7557 8523 | 90.57 91.37 9097 | 41.97 3443 37.83
HPT[48] 7695 7423 7557 | 98.17 7837 87.16 | 90.46 91.57 91.01 | 42.68 38.13 40.28
CPL[58] 79.31 76.65 7796 | 98.07 80.43 8838 | 91.92 93.87 92.88 | 4227 38.85 4049
CoCoLe[57] 80.32 78.84 79.57 | 97.72 81.04 88.60 | 92.23 94.28 9324 | 43.86 42.65 43.25
CDC[59] 73.80 7397 73.88 | 9693 75.07 84.61 | 90.87 9233 91.59 | 37.47 37.50 37.48
CaPL (ours) 8292 81.11 82.01 | 97.44 86.68 91.75 | 93.25 96.87 95.03 | 45.85 44.81 45.32

SUN397[50] DTDI8] EuroSAT[16] UCF101[43]

Base New H Base New H Base New H Base New H
CLIP[39] 69.36 7535 7223 | 5324 5990 56.37 | 5648 64.05 60.03 | 70.53 77.50 73.85
CoOp[61] 80.60 65.89 7251 | 7944 41.18 5424 | 92.19 5474 68.69 | 84.69 56.05 67.46
LoGoPrompt[42] | 81.20 78.12 79.63 | 82.87 60.14 69.70 | 93.67 69.44 79.75 | 86.19 73.07 79.09
COMMA[20] 80.94 79.32 80.86 | 81.04 58.62 6832 | 93.56 7426 8342 | 84.06 80.56 81.84
ProMetaR[36] 82770 79.02 80.82 | 83.02 64.05 7231 | 9494 77.44 8530 | 8697 79.84 83.25
TCP[55] 82.63 7820 8035 | 72.77 58.07 68.25 | 91.63 7473 82.32 | 87.13 80.77 83.83
HPT[48] 82.57 79.26 80.88 | 83.84 6333 72.16 | 9424 77.12 84.82 | 86.52 80.06 83.16
CPL[58] 81.88 79.65 80.75 | 80.92 6227 70.38 | 94.18 81.05 87.12 | 86.73 80.17 83.32
CoCole[57] 83.97 8224 83.10 | 8246 6838 7476 | 95.03 84.17 89.27 | 88.30 83.05 85.60
CDCI[59] 82.37 80.03 81.18 | 82.70 64.10 7222 | 95.10 8233 8826 | 85.70 81.73 83.67
CaPL (ours) 84.66 83.03 83.84 | 8456 71.23 77.32 | 95.96 8597 90.69 | 89.60 85.81 87.66

ports the results on cross-dataset transfer task, our CaPL
achieves the best performance on the source dataset and
9 out of 10 target datasets. Notably, it delivers significant
improvements on fine-grained datasets, such as 3.16% on
Flowers102[34] and 2.70% on StanfordCars[27]. These re-
sults indicate the effectiveness of our CaPL in differentiated
attribute perception via the visual granulation technique.
Cross-domain generalization. Table 3 reports the results
on cross-domian generalization task. As is seeb, our CaPL
achieves the best performance on 3 variants of ImageNet,
with the second best performance on ImageNet-V2[40],
demonstrating the generalizability of our proposed CaPL.

4.3. Ablation Study and Model Analysis

In this subsection, all the experiments are conducted on
ImageNet-1K[9] via base-to-new generalization.

Ablation study. We conduct ablation study on the BBDM-
based network (denoted as “BBDM”), factual intervention
(denoted as “FAC”) and counterfactual intervention (de-
noted as “CON”). We also evaluate the effectiveness of in-
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tegrating non-individualized attributes in factual interven-
tion (denoted as “Non-id”). The corresponding results by
omitting the four parts respectively are reported in Table 4.
As is seen, all the four parts are effective in perceiving spe-
cific attributes for prompt learning, and the proposed CaPL
achieves the best performance by utilizing all the four parts.
Analysis of attribute disentanglement module. First, in
Table 5, we evaluate two other optimization methods be-
sides the BBDM-based network for attribute disentangle-
ment: (1) Classification-based method that classifies the
non-individualized and individualized attribute representa-
tions by maximizing the cross entropy loss for the non-
individualized representations while minimizing it for in-
dividualized representations; (2) DDPM-based method that
uses the denoising diffusion model (DDPM)[ 19]-based net-
work to optimize the disentangled representations. Fur-
thermore, we evaluate a variant of our BBDM-based
method (denoted as “BBDM-based variant”) that regards
the individualized representations as source while the non-
individualized ones as condition. Four points can be re-



Table 2. Comparisons with comparative prompt learning methods on cross-dataset transfer. ImageNet-1K is used as source and the others
are target. The datasets are denoted by abbreviations for simplicity. The best and second best results are marked in bold and underline.

Source Target
ImageNet.[9] Caltech.[10] Pets.[37] Cars.[27] Flowers.[34] Food.[4] Aircraft.[33] SUN.[50] DTD[8] Euro.[16] UCFE[43] Avg.
CoOp[61] 71.51 93.70 89.14 64.51 68.71 85.30 18.47 64.15 41.92 46.39 66.55 63.88
COMMA|[20] 71.22 93.84 90.78 66.36 73.14 85.87 25.14 67.56 46.52 48.85 68.71 66.84
TCP[55] 71.40 93.97 91.25 64.69 71.21 86.69 23.45 67.15 44.35 51.45 68.73 66.29
HPT[48] 71.72 94.20 92.63 66.33 74.84 86.21 25.68 68.75 50.87 47.36 7050  67.74
CPL[58] 73.53 95.52 91.64 66.17 73.35 87.68 27.36 68.24 48.96 51.25 7052 68.07
CoColLe[57] 73.88 95.88 91.93 67.79 74.17 87.97 28.83 68.75 49.26 51.75 7278 6891
CDC[59] 71.76 94.47 90.77 66.27 72.67 86.27 24.50 68.07 46.60 49.13 68.60  66.73
CaPL (ours) 75.02 95.78 92.81 70.49 78.00 89.02 30.88 69.39 51.22 52.95 7391 70.45
Table 3. Comparisons with comparative prompt learning methods Table 5. Ablation study for different optimization methods for
on cross-domain generalization. ImageNet-1K is used as source attribute disentanglement.
dataset and its 4 variants are us_ed as target dataser. The best and Method Base New H
second best results are marked in bold and underline. Classification-based method  78.44 7424 7628
Source Target DDPM-based method 79.12 7493 76.97
BBDM-based variant 79.33 7489 77.05
ImageNet.[9] -V2[40] -S[46] -A[l8] -R[17] Avg BBDM-based method (ours) 79.91 75.68 77.80
CoOp[61] 71.51 6420 4799 4971 7521 59.28
LoGoPrompt[42] 75.27 66.65 4899 5136 7685 60.96
COMMA[20] 71.22 64.84  49.65 51.64 7756 60.92 ™y
ProMetaR([36] 71.29 64.39 4955 5125 7789 60.77 v
HPT[48] 71.72 65.25 4936 5085 7738 60.71
CPL[58] 73.53 65.18 4992  50.73 7738 60.80 .
CoColLe[57] 73.88 65.86 50.89 51.75 78.89 61.85 .
CDC[59] 71.76 64.87 5033 5040 78.10 60.93 . ¢ i
CaPL (ours) 75.02 66.63 5147 5332 7938 62.70 .
% &
Table 4. Ablation study for different parts of CaPL.
Method Base New H
CaPL w/o BBDM 77.90 73.94 75.87 ) 4(a) Non»indjvidualized and ) (b) Input visual features
CaPL w/o UNI 7732 7358  75.40 Individualized attribute representations and counterfactual granules
CaPL w/o CON  78.79 72.32 7542
CaPL w/o Non-id  78.58 74.59 76.53 Figure 5. T-SNE visualizations of 10 images from 10 different
CaPL (ours) 7991 75.68 77.80

vealed: (1) The classification-based method outperforms
the method without additional optimization (i.e., CaPL w/o
BBDM in Table 4), showing the effectiveness of enforc-
ing constraints on the disentangled representations; (2) The
DDPM-based method performs worse than the two BBDM-
based methods, since DDPM models the non-individualized
representations as a noise distribution, which negatively
impacts disentanglement accuracy; (3) The BBDM-based
variant underperforms ours, mainly because the shared non-
individualized representations are better suited as a com-
mon distribution for all visual features, while the class-
specific individualized ones serve more effectively as con-
ditions for guiding feature transitions to specific visual fea-
tures; (4) The proposed BBDM-based network achieves the
best performance, indicating the effectiveness of our pro-
posed method to promote attribute disentanglement.

Then, we visualize the disentangled attribute represen-
tations in Fig. 5(a), where the non-individualized repre-
sentations (denoted as “o””) and individualized representa-
tions (denoted as “0”) disentangled from 10 images from
the fine-grained StandfordCars dataset[27] are visualized,
where each image belongs to a different class. As is seen,
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classes of the StanfordCars dataset[27]. (a) visualizes the non-
individualized attribute representations (denoted as “o”’) and indi-
vidualized attribute representations (denoted as “I”’). (b) visualizes
the input visual features (denoted as “A”) of the 10 images, and the
counterfactual granules (denoted as “x”’) constructed by swapping
the attributes across the 10 images.

the non-individualized representations are grouped into sev-
eral small clusters, illustrating that these attributes have the
same value across some classes but differ in other classes.
In contrast, the individualized representations are scattered,
further demonstrating that the attributes with different dis-
crimination ability are well disentangled.

Analysis of factual intervention. First, we present vi-
sualizations to evaluate the effectiveness of the attribute
queries in extracting representations of single individual-
ized attributes. An image sample from the StanfordCars
dataset[27] is shown in Fig. 6(a), and its corresponding vi-
sual representations of all individualized attributes are vi-
sualized in Fig. 6(b) by utilizing the visualization method
in [63] (Note: The number of individualized attributes is
set to 10 in our experiments). As is seen, each attribute
query could extract an individualized attribute-specific vi-
sual representation, focusing on a discriminative part of the



=

(a) Image

(b) Attention maps of visual representations of single individualized attributes

Figure 6. An image sample (a) and the attention maps (b) of its corresponding individualized attribute representations.

Table 6. Ablation study for attribute query initialization.

Method Base  New H
Non-learnable method 77.83 7275 75.20
Prior initialization method 7834 74.12 76.17
Random initialization method (ours) 79.91 75.68 77.80

Table 7. Ablation study for three hyperpatameters.

Value of K 0 2 4 6 8 10 12
Accuracy (H) | 75.66 75.84 7639 76.78 7723 77.80 77.64
Value of Ay 0 0.2 0.4 0.6 0.8 1 12
Accuracy (H) | 76.99 77.52 77.61 77771 77777 7780 77.78
Value of A, 0 0.2 0.4 0.6 0.8 1 12
Accuracy (H) | 7541 76.02 7683 7729 77.60 77.80 77.39

target object. Furthermore, it is noted that the last visual
representation does not contain clear information, likely be-
cause the corresponding individualized attribute relates to
the car’s tail, which is not visible in the image. This sug-
gests that when an image lacks relevant information, the at-
tribute query can extract a representation indicating the ab-
sence of clear information, further demonstrating its ability
to extract attribute-specific representations.

Then, considering that the attribute queries are randomly
initialized, we evaluate two other initialization methods in
Table 6: (1) Non-learnable method that uses GPT-3[5] to
generate 10 phrases describing 10 individualized attributes
that are discriminative for recognizing a class, and encodes
these phrased by CLIP text encoder to act as fixed queries;
(2) Prior initialization method that initializes the learnable
attribute queries with the above queries obtained by GPT-
3. The results in Table 6 demonstrate the effectiveness of
the proposed random initialization method in learning ac-
curate attribute queries. It is noted that the prior initial-
ization method underperforms the random method, mainly
due to that random initialization could provide better cov-
erage, improving representation and generalization in high-
dimensional spaces as indicated in [15].

Analysis of counterfactual intervention. We evaluate
the effectiveness of constructing counterfactual granules in
counterfactual intervention. Specifically, we select 10 im-
ages from 10 classes of StandfordCars[27], and construct
the corresponding 100 counterfactual granules. Each gran-
ule is assigned the same class as the image from which its
individualized attribute is disentangled. In Fig. 5(b), we vi-
sualize the input visual features (denoted as “/A”) and coun-
terfactual granules (denoted as “x”), with different colors
indicating different classes. As shown, counterfactual gran-
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ules that share the same individualized attribute (i.e., same
color) cluster around the corresponding visual features from
which the individualized attribute is extracted, accurately
reflecting the grouping of granules with the same class la-
bel near their real counterparts. This demonstrates the ef-
fectiveness of (1) the disentanglement of non-individualized
and individualized attributes, (2) the decoder in generating
counterfactual granules, and (3) the simulation of alterna-
tive contexts for improving generalization.
Hyperparameters. We analyze the number of individual-
ized attributes K and the weights Az, A, in Table 7. Three
points can be revealed: (1) Increasing K improves accu-
racy, as disentangling more individualized attributes en-
hances finer perception. The performance stabilizes when
K > 10, indicating sufficient individualized attributes for
recognition, so we set K = 10; (2) The accuracy is insen-
sitive to Az, so we set A, = 1; (3) The best performance is
achieved at \, = 1, as it balances reconstruction error and
cross entropy loss, so we set Ay = 1.

Limitation. Our CaPL has a relatively long training time
due to the use of BBDM-based attribute disentanglement
module. However, our method only uses the text prompt
to calculate cosine similarity for inference, resulting in a
faster inference time than some comparative methods while
matching that of the others.

5. Conclusion

In this paper, we construct an attribute-driven prompt learn-
ing graph for recognition, which depicts the relationship be-
tween a text prompt, visual features and attributes with dif-
ferent discrimination ability from a causal perspective. Ac-
cordingly, we propose a causality-guided text prompt learn-
ing method, where a visual granulation technique could
capture subtle discrepancies among fine-grained classes by
constructing sets of visual granules as supervision by inte-
grating attributes under two causal inference strategies. Ex-
perimental results have demonstrated the superiority of the
proposed method. In future, we would investigate how to
construct more accurate granules for prompt learning.
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