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ABSTRACT

For downstream applications of vision-language pre-trained models, there has been
significant interest in constructing effective prompts. Existing works on prompt
engineering, which either require laborious manual designs or optimize the prompt
tuning as a point estimation problem, may fail to describe diverse characteristics
of categories and limit their applications. We introduce a Bayesian probabilistic
resolution to prompt tuning, where the label-specific stochastic prompts are gener-
ated hierarchically by first sampling a latent vector from an underlying distribution
and then employing a lightweight generative model. Importantly, we semantically
regularize the tuning process by minimizing the statistic distance between the visual
patches and linguistic prompts, which pushes the stochastic label representations
to faithfully capture diverse visual concepts, instead of overfitting the training
categories. We evaluate the effectiveness of our approach on four tasks: few-shot
image recognition, base-to-new generalization, dataset transfer learning, and do-
main shifts. Extensive results on over 15 datasets show promising transferability
and generalization performance of our proposed model, both quantitatively and
qualitatively.

1 INTRODUCTION

Large-scale vision- language pre-trained models (VLPs) have recently demonstrated impressive
achievements on various computer vision tasks ( S ) ;

R ; R ). Pre-trained on web-scale i 1mage text association palrs such
VLPs have the ability to carry the semantic knowledge on which visual concepts correspond to which
textual sequence and vice versa, and this has been proven beneficial for visual understanding (

, ). This has motivated the rapid rise of prompt tuning that
hopes to ﬁne tune VLPs by formahzrng the downstream tasks as language modeling problems and
optimizing only the text inputs (prompts) ( , , ;b), such as “X X X
X {class}.”, where “X” and “{class}” denotes the prefix tokens and real class names, respectively. In
contrast to supervised learning with discrete labels from a closed set of categories, prompt tuning
receives knowledge from pre-trained language models and supports open-set visual concepts, often
producing better performance, especially on few/zero-shot tasks ( , ; , ).

To specify the optimal prefix tokens “X” that provide rich context for pre-trained language models,
prompt tuning methods often optimize them as learnable embedding vectors with a task-specific loss.
For example, CoOp ( , ) employs the cross entropy loss to learn 16 prefix tokens
that are shared across all categories and finds that such data-driven paradigms achieve significant
improvement over hand-crafted prompts. However, recent studies report that the overfitting issue
occurs in the training process and often leads to poor generahzablhty and transferability (

s ). To this end, various techniques are introduced under drfferent
assumptlons mcludmg conventional anti- overﬁttmg tricks, instance-specific prompt generation, and
gradient flow ( s ; , s ). Another concern
stems from deterministic prompt learning, where the prompts are learned as the point estimation, and
only a single sentence is searched to represent a given class. Intuitively, one class can be characterized
by multiple intrinsic attributes (See Fig. 1 for example). Thus, it is critical to learn multiple prompts
that focus on different concepts. Motivated by this, several previous works attempt to learn multrple
prompt ( , ) or introduce distributed prompt embeddings ( ,

, ; , ), showing a large improving gap over the baseline method. However
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those models either require pre-defined prompts or focus on the sample-dependent prompt generation,
failing to discover label-specific prompts efficiently.

To address the above shortcomings, we in this
paper propose Bayesian prompt tuning, where

label-specific stochastic prompts are generated " ‘;@
hierarchically under the Bayesian framework. A dog that 3 ; , "4 dog.

As illustrated at Fig 1, one of the core ideas is )& :
to generate multiple prompts for the given cate- e B i te.
gories, and each of the learned prompt captures

various visual attributes, resulting in diverse and

generalizable prompt discovery. Specifically, Figure 1: The motivation of the proposed model. Mul-
we first introduce uncertainty in the latent em- tiple prompts are generated from the label-specific dis-
bedding space and model each category as a tributions.

variational distribution ( ). Compared to the previous point estimation methods,
this enables us to infer a posterior distribution that contains meta-information about the corresponding
category, offering advantages in modeling uncertainty and highly structured data ( , ). To
complete the prompt sentence, a sequence generation module is then employed to generate the prefix
sequence according to the meta-vector sampled from the underlying distribution. Note that various
language models can be chosen as the generator, e.g., the LSTM ( , )
and transformers ( , ). Although the generator itself is a deterministic mapping, the
output prompts can be seen as an implicit distribution in the embedding space due to its stochastic
inputs. This property allows our proposed model to naturally handle diverse visual concepts, resulting
in robust prompt tuning.

Furthermore, to tackle the issue of over-fitting in prompt tuning, we propose a novel semantic
regularization approach that leverages the conditional transport (CT) framework ( ,

) to establish a relationship between visual patches and textual prompts. Specifically, we use the
modality-specific outputs of CLIP to construct a visual patch set as well as a textual prompt set for
each target image. The former is obtained by collecting the image patch embeddings and the latter is
constructed by all label embeddings. Due to the shared common embedding space of CLIP, those
two sets can be viewed as two discrete distributions over the same semantic space. They represent
similar meanings about the target image, while from different modalities. Therefore, prompt tuning
can be viewed as the process of learning the distribution of textual prompts to be as close to the
distribution of visual patches as possible. Fortunately, the recent developments in CT provide us
with an efficient tool to quantify the difference between two discrete distributions ( ,

; s ; , ). Importantly, the distance function in CT specifies
the similarities between the prompt embeddings and visual patches in the embedding space, which
makes it possible to regularize the learning of prompts with visual guidance. As a result, the aligned
prompts are encouraged to capture the true label-specific visual concepts, rather than over-fitting to
the training set.

The main contributions of this paper are summarized as follows:

* We propose Bayesian prompt tuning that generates label-specific stochastic prompts hier-
archically, models each label as a distribution over the embedding space and successfully
handles diverse visual concepts.

* To avoid over-fitting to the training set, we introduce the CT distance as a regularization that
guides the learning of prompts with visual knowledge by aligning the patches and prompt
embeddings semantically.

* We formulate the proposed model as a variational inference problem, and a combined loss
function is derived to optimize all parameters efficiently. Extensive experiments show that
our models outperform the baselines.

2 THE PROPOSED METHOD

An overview of our proposed Patch-prompt aligned Bayesian prompt tuning (PBPrompt) is shown in
Fig. 2. Below, we first briefly review CoOp, which is the basic concept used in this paper. Then, we
introduce the details of our model, which aims to improve the diversity and generalizability of CoOp.
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Figure 2: Overview of the proposed PBPrompt. PBPrompt generates the stochastic prompts by first sampling a
label-specific vector r. and then employing a single-layer self-attention generator. CT distance is performed
between the textual prompts and image patches to regularize the prompts with the visual knowledge.

2.1 REVIEWS OF CoOpP

Context Optimization (CoOp) ( R ) is built on CLIP-like VLPs and is a pioneering
method for continuous prompt tuning. A VLP often consists of an image encoder f and a text
encoder g, each taking modality-specific sequence as inputs and outputs d-dimensional vectors in the
shared embedding space. Prompt tuning methods usually design a template to construct the category
descriptions and then view the outputs of g as the class weight for the classification task. To overcome
the handcrafted templates and learn optimal prompts to adapt VPLs for downstream tasks, CoOp
models each prompt token as a continuous vector that can be learned from data. E.g., the prompt
for c-th class can be denoted as: t. = [v1, Vo, ..., Up, €.], where e, is the label embedding of class
c,v = {v; € R¥}Y_, are b learnable context vectors. Given a set of category descriptions {¢.}< ;
and an image & € RG*HXW) CoOp models the image label p(y|x) as a categorical distribution
according to the similarity between the image and label features with:

exp(sim(f(x), g(t.))/7)
S5 exp(sim(f (), g(ter) /)

where sim(-, -) means the similarity function, e.g., the cosine similarity, and 7 is the temperature
parameter. Then one can optimize the prefix embeddings v by back-propagating the following loss

through the frozen VLPs with a few training samples D = {(a;, y;)} Y7

ply = clx) = (1)

L(p) = Ex, .y [—logp(y; | x5 v)).

After tuning, ¢. can be used to define the target classifier for open-set image classification.

2.2 PATCH-PROMPT ALIGNED BAYESIAN PROMPT TUNING

The core idea behind the proposed PBPrompt is to learn distributed label-specific prompts under
the Bayesian framework, as well as align the image patches and textual prompts by minimizing the
CT distance. Below, we introduce the details of PBPrompt, which consists of stochastic prompt
generation, patch-prompt alignment, and the training algorithm.

Stochastic Prompts Generation (SPG) Generally, it is less sound to represent one class with
a deterministic point, which may fail to cover diverse visual concepts, e.g., the object type, size,
color, and so on. This issue becomes acute in the distribution-shift cases. For instance, a model
may see an image of a dog playing on the green ground during training but fail to make a correct
prediction of another image of a dog on the beach. To this end, One of the goals of PBPrompt is to
introduce uncertainty in prompt generation. For a target label, we assume there are various prompts
that can achieve similar performance. These prompts originate from the same target class but depict
its representative attributes from different perspectives, resulting in robust representation. An intuitive
approach is to model the prompts as a distribution p(r). Unfortunately, directly learning such a
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distribution over a sequence of b vectors is not simple ( , ; s ), especially
under the few-shot setting. To this end, we move the uncertainty forward to its inputs and develop a
hierarchical generative module to produce the stochastic prompts:

t. = [(b(vc | T'C), eC]v Te P(T'c), )

where p(r.) denotes the label-specific distribution that handles the conceptual diversity of class c.

¢(ve | 7) denotes the deterministic generative model that takes the sampled 7. as input and outputs
the prefix token sequence v, = {ve, € R% } 1—1- Like previous works ( ;a),
the final prompt 1nput t. is obtained by adding the label embedding e, at the end of preﬁx tokens.
Different from previous models that view ¢. as the learnable embedding vectors, we generate ¢, via a
hierarchical path, where a stochastic vector 7. is first sampled from the label-specific distribution
and the prefix sequence v, is then generated according to r.. Although the generative model ¢ is
a deterministic network, t. can be viewed as an implicit distribution over r.. In this way, multiple
prompts can be generated by sampling various 7.

Note that ¢(v.. | r.) can be implemented with various language models ( );
( ), and we find a single-layer self-attention network works well in most cases (
, ), empirically:

Sc = [’I"c + PEq, wy + PEs, ..., wp + PEb]7

3
[P,V 1y oy Vep) = P(vc|re) := Self-Attn(s,.), 3)

where w = [w, ..., wp] is the initialized prefix embeddings, and PE is the learnable position
embedding matrix that captures the sequential relations of prefix tokens. The Self-Atten decoder
takes s. as inputs, where the sampled r. in Eq. 2 is viewed as a special label token prevented at
the beginning of the initialized prefix sequence. It then outputs the class-specific prefix sequence.
This process allows the output tokens to encompass both contextual information and class-specific
guidance, resulting in the generation of meaningful prompts.

Regularization Between Textual Prompts and Visual Patches Notably, the core motivation of
SPG is to learn diverse prompts that cover multiple visual concepts. However, directly optimizing
SPG with the classification loss may suffer from the mode-collapse problem, where the sampled 7,
tends to be close to each other, leading to single-mode prompt tuning. E.g., the learned prompt pattern
overfits the training set while failing to provide the true context. To address this issue, we introduce
the regularization between the prompt outputs and image patches. This regularization encourages the
sampled prompts to be close to a variety of patch embeddings, preventing them from over-fitting to
the training mode.

Recall that a VLP describes target labels from both the image and text domains. The former divides
an image x into M patches u = {u,,|M_,} € R™M which provides the local visual features. We
view the output embeddings of the textual encoder as the class-specific features, which provide the
linguistic description for classes. Mathematically, given @ and its prediction probability p = p(y|x),

we formulate those two sets as discrete distributions:

Moy C
P=3 30u. Q=) pdg @)
m=1 c=1

where 0 is the Dirac delta function, g. = g(t.) is the textual outputs of label c. Eq. 4 represents x as a
mixture of patch embeddings and a mixture of prompt embeddings both sharing the same semantics
but originating from different domains. Naturally, we aim to regularize the learning of ) by aligning
itto P. A common choice is to minimize the optimal transport (OT) between P and @ ( , R
, ). However, the calculating of OT struggles in two-stage iterations: first solving
for the transport plan and then updating the network, leading to unstable training. Fortunately, the

recently developed conditional transport (CT) ( s ) offers an efficient tool to align
two distributions over different supports ( ; , ). The CT distance
between the textual prompts and visual patches is deﬁned from two directions:

£CT(P7 Q) = Eu—)g + £g~>ua (5)

where L,,_,4 denotes the transport distance from patch embeddings to prompts, while Lg4_,,, denotes
the transport distance in the reverse direction. The transport distance from patch embeddings to
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prompts can be calculated as:

1 M C
ﬁu—)g = M Z Zc(umagc)ﬂ—(gdum)v (6)

m=1c=1

where C(u,,, g.) is the cost function that measures the point-wise transport cost from m-th patch to
peexp(uy ge)

6 poexp(ulg.s)
the transport plan. The core idea of Eq. 6 is to assign M patches to their expected prompts. This
can be viewed as a clustering process that learns a semantic center for each class-specific prompt.
Unfortunately, only with £,,_, 4, many less-related patches within an image may be assigned to the
target prompt. This may push the stochastic prompt to an average point, leading to mode collapse. To
address this issue, CT introduces Lg_,,, from an opposite direction:

c-th prompt embedding, e.g., C(Um, g.) = 1 — cosine(tm, gc). T(ge|tm) =

C M
‘Cg—ru, = ch Z C(g(num)ﬂ'(u'rn|gc)7 @)
= m=1

exp(ge wm)
Sy exp(gT )’
aims to push the expected prompt towards patches that semantically close to it, creating a prompt-
covering effect. The CT distance in Eq. 5 provides us with a novel regularization, enabling the
learning of stochastic prompts with vision knowledge from bi-directions. The patch-to-prompt
transportation explores meaningful prompt outputs, and the prompt-to-patch transportation improves
the uncertainty of the prompt outputs.

where 7(u,|g:) = Unlike £,,—,4 which has the patch-clustering effect, Lg_,,,

2.3 TRAINING WITH COMBINED ELBO

Given the VLPs and labeled images D", we would like to distill the pre-trained knowledge and learn
the posterior of the label-specific representation p(r.|D") as well as the deterministic generative
model ¢(v.|r.). Unfortunately, the exact posterior for .. is intractable and needs to be approximated.
To this end, we define the variational distribution ¢(r.|c) and employ the variational inference to
optimize the proposed method by minimizing the following combined Evidence Lower BOund
(ELBO) ( ):

L= _Etcz[w(vc\rc),ec],rCNq(rc\c)lng(y|1:7tc)
=Dxila(rele)[lp(re)] + nLer (P, Q),

where we follow previous practices ( ; , ) and define
the variational distribution g as a Gaussian dlStl‘lbuthIl condltloned on the label embedding e.:

q(rele) = N(u(e.),X(e.)), with u and ¥ parameterized by two fully-connected layers. The first
term in Eq. 8 is the expected log-likelihood defined at Eq.1, the second term is the KL-divergence
that encourages the variational posterior to approach to its prior, and the last term is the CT distance
that aligns the class-specific prompt with image patches. 1 denotes the trade-off hyperparameter
that controls the regularization welghts Unlike most previous works that solely learn prompts from
task-specific loss ( , ), we optimize the proposed PBPrompt with
combined ELBO that 1ntroduces the CT distance as a regularization, guiding the label embeddlngs
to focus on meaningful visual concepts rather than over-fitting to the base sets. We summarize the
training algorithm in the Algorithm. 1.

®)

Contextual Prior p(t¢) Instead of treating the prior as a fixed distribution independent of the label
¢, here we define the label-specific priors to further explore label semantics via the label embeddings,
e.g., p(t¢) = N (e, I). Thus compared to the fixed prior, the proposed label-specific prior introduces
additional label semantics and achieves better prior guidance.

3 RELATED WORK
The techmque of prompt tuning, originating from the natural language processing (NLP) domain
and aims at best utilize pre- -trained language models ( s ; s
), has galned increasing research attention in VLPs due to its 1mpress1ve results ( , ;
, ). For example, CLIP ( , ) manually designs
templates based on human knowledge and shows great potential in few/zero-shot tasks. Context
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Optimization (CoOp) ( , ) first introduces the continuous prompt into VLPs and
views the prompt tokens as a set of learnable vectors that can be optimized by minimizing the cross
entropy loss. Instead of learning static prompts, Conditional CoOp (CoCoOp) ( ,

learns an input-specific prompt by incorporating image features via a lightweight network and shows
better generalization on unseen categories. The most related work to ours is distributed prompt tuning,
which focuses on stochastic prompt tuning. For instance, Prompt Distribution leArning (ProDA) (

, ) first designs multiple handcrafted templates and then employs a Gaussian distribution
to model the latent representation. Variational prompt tuning (VPT) of ( , )
constructs prompt tokens by directly adding Gaussian samples into prompt vectors. SynHheslIzed
Prompt (SHIP) of ( , ) samples a image-dependent prompt by training a VAE with
the image features. Prompt learning with optimal transport (PLOT) ( , ) applies
optimal transport theory to learn multiple local prompts. While all above methods—ProDA, VPT,
and SHIP, PLOT, and ours—involve learning stochastic prompts, they are fundamentally distinct. We
model each target label as a Gaussian distribution and then generate stochastic prompts based on
label-specific samples, resulting in better lebel representations.

4 EXPERIMENTS

We follow the exact experimental setup of previous works ( s ;a) and validate the
performance of PBPrompt against the recent state-of-the-art prompt learning models on widely-
used benchmarks under various settings, including few-shot learning, base-to-new generalization,
cross-dataset transferability, and domain generalization.

4.1 EXPERIMENTAL SETUP

Datasets. For the first two tasks, we rely on 11 classification datasets, i.e., ImageNet ( s

) and Caltech101 ( , ) for generic object classification, OxfordPets (

, ), StanfordCars ( , ), Flowers102 ( , ),
Food101 ( , ) and FGVCAircraft ( , ) for fine-grained image recogni-
tion, EuroSAT ( s ) for satellite image classification, UCF101 ( s )
for action classification, DTD ( s ) for texture classification, and SUN397

, ) for scene recognition. For the domain generalization task, we use ImageNet as the
source domain dataset and evaluate performance on ImageNetV2 ( , ), ImageNet-
Sketch ( . ), ImageNet-A ( . ), and ImageNet-R (

s ). The details of each dataset are provided at Table. C. 1.

Baselines. We compare our proposed approach with following state-of-the-art (SoTa) models:

zero-shot CLIP ( , ) with the fixed handcrafted prompt "A photo of a {class}.",
CoOp ( R ), CoCoOp ( s ), PLOT ( s ), and stochastic
prompt tuning methods, including ProDA ( , ), VPT ( , ) and
SHIP ( , ),

Implementation Details. Similar to previous works ( s ;2), PBPrompt adopts the
vision and language encoders as a ViT-B/16 ( s ) and transformer (

, ) respectively. We consistently perform prompt tuning with 16 shots and fix the prompt
length as 4 for the four primary image classification tasks across all datasets. We set the trade-off
hyperparameter 1 as 0.01 and run each experiment with 10 epochs on base-to-new generalization.
The label embedding e is obtained by averaging the CLIP embedding of the class names, and we
initialize the learnable prompt embedding vectors from N (0, 0.02). For the self-attention network in
equation 3, we employ 8 heads for deeper interactions between prompt tokens. We summarize the
training details in the appendix. The results for CoOp and CoCoOp are adopted from the published
papers, except for the few-shot learning where we re-run them in the same setting that the maximum
epoch is set to 200 for 16/8 shots, 100 for 4/2 shots, and 50 for 1 shot for all datasets. For a fair
comparison, we re-run PLOT with ViT-B/16 on all the experiments in the settings above. All results
are reported as the mean value over three seeds.

4.2 EXPERIMENT RESULTS

Few-shot Learning evaluates a model’s capability to handle limited labeled data and samples. The
complete results are summarized in Fig. 3, where we find that 1) our method consistently outperforms
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Figure 3: The few-shot learning results on 11 datasets. We compare our PBPrompt with CoOp, CoCoOp and
PLOT. Overall, our proposed model outperforms the baselines in most cases. More numerical results can be
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found at Table. C. 5 and Table. C. 6.

the baseline models across various scenarios, and 2) PBPrompt outperforms other methods when
trained with 1, 2, and 4 shots, showcasing a substantial performance margin on DTD, EuroSAT,
Flowers102, and FOOD101 datasets. Furthermore, as the number of training samples increases, the
performance gap between models diminishes, particularly evident in the case of training with 8/16
shots. This emphasizes the exceptional performance of our model in few-shot learning tasks. Notably,
PBPrompt surpasses CoOp with average accuracy increases of 3.14%, 2.32%, 6.33%, 1.24%, and

0.32% at 1, 2, 4, 8, and 16 shots, respectively.

Base-to-New Generalization assesses model’s generalizability in a zero-shot setting. We report the
Base-to-New results at Fig. 4 (The detailed accuracy on base and new set can be found at Table. 2?).
Note that, the H score is calculated as H = (2 x Base x New)/(Base + New), which is a trade-off
metric between the base and new sets. We find that PBPrompt surpasses other stochastic baselines in
terms of H score across all datasets. This demonstrates the efficiency of the introduced label-specific
SPG. Besides, due to the CT regularization, our approach successfully mitigates the overfitting issue,

12 4

8
Shots per class

showing robust ability to balance the Base and New performance.

Table 2: Cross-dataset transfer learning accuracy results of various baselines on source and target datasets. A:

The improvements of the proposed model compared to CoCoOp.

16

12 4 8 16
Shots per class

Source Target

2 =

£ = 4 & < 3

) ) ] 7))

: £ 4 ¢z : T : z =2 & 5
Method E 3 & S E & = 7 a 2 S Z
CoOp 71.51 93.70 89.14 6541 68.71 85.30 18.47 64.15 4192 46.39 66.55 63.81
CoCoOp 71.02 94.43 90.14 6532  71.88 86.06 2294 6736 4573 4537 68.21 65.74
PBPrompt  71.71 94.87 90.62  66.00 72.44 86.34 2482  67.69 4562 4713 68.83  66.40
A —0.11

Cross-Dataset Transfer Learning measures the transfer performance from different sources, where
we train our model on ImageNet (source dataset) and then test it on 10 distinct target datasets. As
shown at Table. 2, PBPrompt has improvements on 9 out of 10 target domains compared to CoCoOp,
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Dataset Base | New | H

CoCoOp | 97.96 | 93.81 | 95.84
ProDA 98.27 | 93.23 | 95.68

VPT 95.47 | 93.80 | 94.62 ImageNet
Caltech101 SHIP 97.55 | 95.20 | 96.36
B-Prompt | 97.95 | 93.12 | 95.47 Caltech 101 UCF 101

322

P-Prompt | 97.35 | 95.00 | 96.16
PBPrompt | 97.98 | 95.54 | 96.74 9553 7551

CoCoOp | 94.87 | 71.75 | 81.71 [
ProDA | 97.70 | 68.68 | 80.66 son s
VPT | 92.97 | 75.90 | 74.40 b,

Oxford Pets EuroSAT
Flowers102 SHIP 94.02 | 74.40 | 83.06 L 5234 o4 o
B-Prompt | 97.35 | 69.57 | 81.15 . L Lo —
P-Prompt | 95.21 | 72.35 | 82.22 ~ pes sa51

9095 6917

PBPrompt | 95.47 | 73.60 | 83.12
CoCoOp | 77.01 | 56.00 | 64.85

8878 61

ProDA | 80.67 | 56.48 | 66.44 I 2

VPT 57.67 | 58.70 | 58.18
DTD SHIP 74.88 | 56.88 | 64.65 Food 101 oTD

B-Prompt | 79.97 | 47.67 | 59.73

7621 7299

P-Prompt | 77.20 | 57.00 | 65.58
PBPrompt | 78.03 | 57.81 | 66.42 72 7621

6056 2709

CoCoOp | 87.49 | 60.04 | 71.21 120 \ 7704

ProDA | 83.90 | 66.00 | 73.88 Lo bost
VPT 67.97 | 71.63 | 69.75 Flowers 102 SUN 397
EuroSAT SHIP | 88.62 | 66.87 | 76.22
B-Prompt | 92.46 | 62.58 | 74.64 fagr =

P-Prompt | 87.21 | 72.33 | 79.08
PBPrompt | 89.53 | 72.87 | 80.35

Stanford Cars FGVC Aircraft

CcLip CoOp CoCoOp CoPLOT PBPrompt(ours)
Table 1: Base-to-New generalization results of
various baselines. B-Prompt: Bayesian prompt  Figure 4: Performance comparison on base-to-new gener-
tuning. P-Prompt: Patch-Prompt CT alignment. alization evaluated by harmonic mean. More results can be
More resutls can be found at Table. C. 7. found at Table. C. 7 and C. 8.

Table 3: Cross-domain generalization accuracy results of various baselines.

Source Target
Method Learnable ImageNet ImageNetV2 ImageNet-Sketch ImageNet-A ImageNet-R
CLIP X 66.73 60.83 46.15 47.71 73.96
CoOp v 71.51 64.20 47.99 49.71 75.21
CoCoOp v 71.02 64.07 48.75 50.63 76.18
PBPrompt v 71.71 64.53 49.32 51.64 76.71

This demonstrates that the proposed PBPrompt has the potential to transfer from a single dataset.
Moreover, we also find that PBPrompt exhibits large gaps on fine-grained datasets (FGCVAircraft,
OxfordPets, and Flowers102), suggesting the capacity to handle the discriminative features of each
category.

Domain Generalization concerns about the robustness of the distribution shift, where we assess
the proposed models on ImageNetV2, ImageNet-Sketch, ImageNet-A, and ImageNet-R after training
it on the source dataset (ImageNet). We report the results at Table. 3 and find that the PBPrompt
performs the best accuracy on all target domains over other baselines. This indicates that the learnable
stochastic prompts are less sensitive to distribution shifts and can generalize well across domains.

4.3 FURTHER ANALYSIS

Robustness and Synergistic Effect In our previous experiments, we utilized the ViT-B/16 back-
bone. However, in this study, we also employ the RN50 backbone to assess the robustness of our
model across different backbones. The few-shot learning accuracy results are presented in Table. 7(a).
As demonstrated in the results, PBPrompt provides more consistent results than the prior state-of-
the-art methods on both backbones, especially with the ViT-B/16 backbone, where PLOT suffers
a significant performance drop in comparison. Additionally, we have compared two variants of
PBPrompt, namely B-Prompt and P-Prompt, in few-shot learning and base-to-new tasks. B-Prompt
contains only the SPG module, while P-Prompt only utilizes the conditional transport framework,
both based on CoOp. We report the accuracy scores at Fig. 7(a) and Table. | respectively. We observe
that both variants exhibit significant improvements compared to CoOp, especially B-Prompt, which
outperforms the previous methods in most of the test cases. Furthermore, PBPrompt achieves the
highest performance on the majority of test cases among all methods by incorporating both variations,
demonstrating the powerful synergistic effect of our approach.
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The effect of Monte Carlo sampling and 7 Generally, increasing the number of samples in Monte
Carlo sampling leads to more stable results, but an appropriate number can introduce a moderate
level of uncertainty, ultimately enhancing the model’s generalization and representation capabilities.
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Meanwhile, the hyperparameter 7, which balances the regularization weights, plays a crucial role in
establishing the connection between the stochastically generated prompts and various visual concepts.
We ablate these two hyperparameters on few-shot learning with 1/2/4 shots at Fig. 5 and Fig. 6. In
Fig. 5, we usep to represent the simple adoption of the mean of multiple prompt embedding, and
we observe that employing fewer samples leads to increased uncertainty and a significant drop in
performance. This indicates that a higher number of samples is essential for achieving more reliable
results. Fig. 6 demonstrates that the presence of large coefficients can detrimentally impact results by
overemphasizing image relationships, thus potentially overshadowing CLIP’s alignment properties.
We set the sampling number as 20 and 1 = 0.01 by default.

Backbones ViT-B/16 RN50
Dataset T shot | 2'shots | 4 shots | T shot [ 2shots | 4 shots
CoOp 93.19 | 92.97 9450 | 87.51 87.84 89.52
PLOT 87.90 | 89.53 91.87 | 89.83 | 90.67 90.80
Caltech101 | B-Prompt | 93.57 | 94.10 | 94.75 | 90.10 | 89.70 | 90.56
P-Prompt | 93.34 | 93.95 94.60 | 88.54 | 89.45 90.70
PBPrompt | 93.92 | 94.40 94.83 | 90.21 | 90.86 90.92
CoOp 50.03 | 53.93 59.23 | 43.62 | 45.35 53.94
PLOT 52.20 | 56.03 58.37 | 46.55 | 51.24 56.03
DTD B-Prompt | 51.87 | 55.85 59.53 | 46.00 | 51.67 56.17
P-Prompt | 50.95 | 55.10 59.02 | 46.95 | 4835 55.89
PBPrompt | 52.03 | 56.20 59.63 | 47.21 | 52.08 56.97
CoOp 82.70 | 82.77 83.63 | 7425 | 72.61 74.49
PLOT 69.33 | 72.73 75.17 | 71.74 | 77.70 77.21
FOOD101 B-Prompt | 84.97 86.03 86.21 77.02 | 76.45 71.58
P-Prompt | 85.00 | 83.67 84.39 | 76.20 | 75.39 76.45
PBPrompt | 85.55 | 86.25 86.30 | 77.35 | 77.83 78.09
CoOp 67.32 | 67.67 70.14 | 60.12 | 59.60 63.24
PLOT 55.17 | 59.40 62.73 | 62.47 | 61.71 65.09
SUN397 B-Prompt | 67.98 | 69.00 70.20 | 62.42 | 63.03 64.83
P-Prompt | 67.45 | 68.25 70.10 | 62.10 | 61.54 64.12
PBPrompt | 68.10 | 69.35 70.21 | 62.51 | 63.45 64.77
(a) (b)

Figure 7: (a) Ablation studies of backbones on few-shot learning. (b) Visualization of the learned prompts.

Visualization Excitingly, we have discovered that transport plans 7 in Eq. 6 serve as a potent tool for
achieving visualization, allowing us to demonstrate how stochastic-generated prompts for a specific
class concentrate on the visual concepts of the corresponding images. We provide visualization
examples in Fig. 7(b) to illustrate this. More analysis and visualization can be found at Sec. D.

5 CONCLUSION

In this paper, we propose Patch-Prompts aligned Bayesian prompt tuning (PBPrompt) for pre-
trained vision-language models. PBPrompt is a Bayesian prompt tuning method that generates
label-specific stochastic prompts hierarchically under the variational inference framework comprising
a stochastic sampling network and a deterministic generative model. Moreover, we also introduce
a CT regularization that aligns the textual prompts with the image patches under the conditional
transport framework. PBPrompt is optimized by the derived combined ELBO via the stochastic
gradient algorithm. Extensive experiments over 15 datasets at various tasks are conducted to evaluate
the efficiency of our models. We hope PBPrompt will provide a simple tool for prompt tuning and
inspire future work.
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APPENDIX

A DISCUSSIONS

The main purpose of the introduced Bayesian prompt generation and Patch-Prompt CT align-
ments.

One of the main contributions of the proposed model is the stochastic prompt generation, which
introduces the uncertainty into the prompt embeddings. E.g., for each category, we can generate
different prompts that capture diverse visual concepts, resulting in better class-specific representations.
Unfortunately, due to the mode-collapse problem that usually appears in most Bayesian generative
models, we find that only optimizing the stochastic module by the classification loss could lead
to suboptimal results. Motivated by previous PLOT ( , ), we here employ the CT
regularization to align the generated prompts and the image patches. Intuitively, we view images
are two discrete distributions over the prompt and patch embeddings. They share similar semantics
but with different domains. Ideally, those two distributions should have close semantic distance. By
minimizing the CT distance, the learned prompt embeddings tend to capture the true label-specific
visual concepts, improving the quality of the learned prompts. That is, the CT regularization improves
the performance of the method by aligning the textual prompt domain and the visual patch domain,
which is usually ignored by previous works.

The improvement is marginal when compared to CoCoOp in some cases.

We highlight the superiority of the proposed model below. First, the paper provides a novel Baeysian
prompt-generation strategy for the prompt-tuning community. This enables the learned prompt to
capture diverse visual concepts and gives the following studies a new stochastic view rather than
only focusing on deterministic paradigms. Second, consistent improvement in most cases. We here
want to note that it is a nontrivial contribution that achieves consistent improvement over 4 tasks
on 15 datasets. For the marginal improvement on several datasets, we note that previous models
(e.g., CoCoOp) have achieved high results, and thus the improvements are slight. We find that the
proposed PBPrompt usually has a significant improvement on 1/2/4 shots, which clearly highlights the
performance of our method with fewer training samples(see Table. C. 5 and Table. C. 6 for detailed
results). Besides, our method balances the seen and unseen sets well according to Table. 4. E.g.,
PBPrompt achieves 0.9%-9.14 % improvements compared to CoCoOp in terms of H score. Third,
the interpretability of the proposed model. The visualization in Fig. 7(a) shows the interpretability of
the learned prompts, while CoCoOp only reports the numerical results.

Differences between SHIP.

Both SHIP and PBPrompt introduce the uncertainty into the prompt generation process. However,
the latent variable z (v in PBPrompt) models different levels of uncertainty and comes from different
assumption. SHIP introduces the stochastic prompts into each image, and infers a sample-dependent
posterior:

q(zi) = N(u(z;), X(x:)), Q)

where x; denotes the feature of i-th image. While PBPrompt views each category has a underlying
distribution and infers a label-specific posterior:

q(zc) = N(u(ec), X(ec)), (10)

where e, denote the embedding of c-th category.

Prior on p(z). SHIP simply adopts the standard Gaussian as the prior of z, e.g., p(z) = N(0,1),
while PBPrompt utilizes the contextual prior to capture label-specific features: p(z.) = N (e, I).
This difference enables PBPrompt to access additional label semantics, achieving better prior guid-
ance.

Training pipelines. SHIP introduces an additional feature reconstruction loss to pre-train the VAE,
and then finetunes the prompt via the task-specific loss. Our PBPrompt naturally interages the
stochastic prompts into the CLIP framework and directly optimize the prompt via the combined
ELBO.
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B METHOD DETAILS

Given the labeled training dataset D = (x;, yj);v:”l, our proposed PBPrompt aims to learn stochastic

prompts for each class. Note that, all parameters in PBPrompt are optimized by minimizing the
combined ELBO end-to-end. We summarize the training algorithm at Algorithm. 1.

Algorithm 1 Training algorithm for our proposed PBPrompt.

Output: The trained PBPrompt, which can generate the stochastic label-specific prompts for downstream
tasks.
Input: Training set D = (x;, yj);.vz‘g, a VLP, class names, and hyperparameter 7.
Initialize: The prefix token embeddings, the parameters in inference network g(r.|c) and the generative
model ¢(vc|re).
for iter=1,2,3,... do
Sample a batch of B image-label pairs and get the image feature and patch embeddings by feeding the
image into the image encoder f(x).
# Learning of PBPrompt
Generate C' stochastic prompts hierarchically with Eq.(2) for all classes.
Get the label embeddings by feeding the prompts into the text encoder g(¢).
Compute the CT distance between patches and the class-specific prompts with Eq.(5).
Compute the combined ELBO £ with Eq.(8) and update all learnable parameters by minimizing the £ with
the stochastic gradient descent algorithm.
end for

C EXPERIMENT DETAILS

C.1 DATA STATISTICS

Our experiments are conducted on 15 widely-used vision datasets. E.g., ImageNet ( )
and Caltech101 ( ) for generic object classification, OxfordPets ( ),
StanfordCars ( ), Flowers102 ( ), Food101
( ) and FGVCAircraft ( ) for fine-grained image recognition, EuroSAT

( ) for satellite image classification, UCF101 ( ) for action classification,
DTD ( ) for texture classification, and SUN397 ( ) for scene
recognition. For the domain generalization task, we use ImageNet as the source domain dataset
and evaluate performance on ImageNetV2 ( ), ImageNet-Sketch ( ),
ImageNet-A ( ), and ImageNet-R ( ). We summarize the

data statistics at Table. C. 1

Table C. 1: Statistics of the datasets.

Dataset Classes Train Val Test
ImageNet 1000 1.28M N/A 50,000
Caltech101 100 4,128 1,649 2,465
OxfordPets 37 2,944 736 3,669
StanfordCars 196 6,509 1,635 8,041
Flowers102 102 4,093 1,633 2,463
Food101 101 50,500 20,200 30,300
FDVCAuircraft 100 3,334 3,333 3,333
SUN397 397 15,880 3,970 19,850
DTD 47 2,820 1,128 1,692
EuroSAT 10 13,500 5,400 8,100
UCF101 101 7,639 1,808 3,783
ImageNetV2 1000 N/A N/A 10,000
ImageNet-Sketch 1000 N/A N/A 50,889
ImageNet-A 200 N/A N/A 7,500
ImageNet-R 200 N/A N/A 30,000
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Table C. 2: All results in the main paper were generated using shared hyperparameters when
employing the ViT-B/16 backbone.

Hyperparameters Values

Batch Size 1

Input Size 224 x 224

Input Interpolation "Bicubic"

Input Pixel Mean [0.48145466,0.4578275,0.40821073]
Input Pixel STD [0.26862954, 0.26130258,0.27577711]
Transforms ["random resized crop"”, "random filp", "normalize"]
Optimizer SGD

Learning Rate 2e-3

LR Scheduler "cosine"

Warmup Epoch 1

Warmup Type "constant"”

Warmup LR le-5

Backbone ViT-B/16

Prompt Length 4

Prompt Initialization """

Precision "fpl6"

Number of shots 16

C.2 HYPERPARAMETER SETTING

We set the training hyper-parameters as well as the training pipeline to be the same as Zhou et al.

( ) in terms of definitions of few-shot tasks while using ViT-B/16 in the manuscript. For
the RN50 backbone, we replace the ViT-B/16 with RN50 and set the number of shots as 4 to maintain
consistency with the other works using RN50. We list those settings at Table. C. 2.

C.3 IMPACT OF THE PATCH-TO-PROMPT AND PROMPT-TO-PATCH TRANSPORT

In the previous experiments, we view the patch-to-prompt and prompt-to-patch transport in Eq. 5
equally. To discuss the impact of those two terms, we rewrite Eq. 5 as:

'CCT(Pa Q) = )\Cuﬁg + (]- - A)Eg%u» (11)

where A\ controls the weight of the patch-to-prompt term. We report the few-shot results with various
AatFig. C. 3. We find that 1) regardless of considering the £,,_, g or the Lg_,,, the final experimental
results were not satisfactory. 2) Promising results could be obtained by carefully choosing A. Thus
we set this hyperparameter as 0.5 for ease of parameter tuning.

C.4 ADDITIONAL COMPARISON TO PRODA

We compared PBPrompt to PLOT in the manuscript, and extensive results show the superiority of
the proposed Bayesian framework. Note that ProDA ( , ) also comes from stochastic
prompt tuning. We summarize the difference below. First, ProDA focuses on the output embeddings
of prompts and employs a Gaussian distribution to model the latent representation by pre-defining K
label-specific templates. However, ours is a novel Bayesian prompt generation method based on input
embeddings, aiming to generate the label-specific stochastic prompts in a data-driven framework,
rather than based on handcraft prompts. Second, we introduce the CT regularization to align the
textual prompt domain and the visual patch domain and develop a novel combined loss to optimize
the proposed model end-to-end. While the ProDA employs an EM algorithm to train the parameters.
Last, the learned transport plan provides us with an interpretable tool to visualize the learned prompts,
while the ProDA fails to give such an interpretable.

Empirically, we report the Base-to-New comparisons (H score) at Table. C. 4. Because of the unre-
leased code of ProDA, we could only compare with results adopted from previous work (

s ) under the same setting on the Base-to-New task. From Table. C. 4, we find that our
proposed method outperforms ProDA on 9/11 datasets and has the best result on average accuracy.
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Dataset 00 | 02 | 04 | 05 | 06 | 08 | 1.0

1-shot | 51.36 | 51.54 | 51.77 | 52.03 | 51.83 | 51.95 | 51.37
2-shots | 54.43 | 55.67 | 56.20 | 56.34 | 55.85 | 55.20 | 55.67
DTD 4-shots | 58.16 | 58.75 | 59.66 | 59.63 | 59.53 | 59.42 | 58.87

1-shot | 60.78 | 61.21 | 61.93 | 60.92 | 61.02 | 61.61 | 61.20
2-shots | 68.12 | 68.76 | 68.34 | 68.77 | 68.05 | 67.43 | 67.98
EuroSAT 4-shots | 70.63 | 71.01 | 71.1 | 72.84 | 72.71 | 72.14 | 71.96

1-shot | 93.21 | 93.90 | 93.94 | 93.92 | 93.93 | 93.32 | 934
2-shots | 93.98 | 94.20 | 94.41 | 94.40 | 94.45 | 94.39 | 94.23
Caltech101 4-shots | 94.78 | 94.85 | 94.83 | 94.83 | 94.83 | 94.80 | 94.51

l1-shot | 66.21 | 66.54 | 67.10 | 67.30 | 66.70 | 66.98 | 66.49
2-shots | 69.52 | 70.14 | 70.48 | 70.20 | 70.36 | 70.44 | 70.23
StanfordCars 4-shots | 72.94 | 73.57 | 73.42 | 73.60 | 73.61 | 73.84 | 73.60

Table C. 3: Ablation studies of Base-to-New generalization on Bayesian prompt tuning (B-Prompt) and
Patch-Prompt CT alignment (P-Prompt).

Table C. 4: H score of CoCoOp, ProDA, and PBPrompt on Base-to-New task.

§ < & s < &
0 ) & %)
§ § o £ & F £ £ £ £ &5 £
I & o & ~ S -5 IS & S £
Method S O & O & & < 9 Q <3 S] <

CoCoOp  73.10 9584 96.43 72.01 81.71 9099 27.74 7827 6485 7121 77.64 7583
ProDA 72772 95.68 96.62 7291 80.66 89.43 3546 7779 6644 7388 78.04 76.65
PBPrompt 73.76 96.66 96.92 73.02 83.12 91.22 3464 7835 6641 80.34 79.51 77.86

C.5 FEW-SHOT LEARNING DETAILS

In this section, we provide the complete results on few-shot learning task using ViT-B/16 and RN50
respectively. As a result of introducing additional learnable parameters into our model, we trained
for more epochs that the maximum epoch is set to 400 for 16/8 shots, 200 for 4/2 shots, and 100
for 1 shot for all datasets. Table. C. 5 shows more detailed accuracy consistent with Fig. 3 in the
manuscript. Besides, we ablate the backbone using RN50 with CoOp ( ), PLOT

( ), and our PBPrompt, and report the results in Table. C. 6. We find that our PBPrompt
also has comparable performance with other baselines, especially on 1/2/4 shots. These results, as
shown in the two tables, highlight the stable performance across different backbones, demonstrating
the strong robustness of our model.
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Table C. 5: The few-shot learning results of various methods on 11 datasets using ViT-B/16. We
report the average value over three different seeds.

Dataset Methods 1shot 2shots 4shots 8shots 16 shots
CoOp 68.10 69.25 69.53 70.40 71.51
CoCoOp 68.40 69.13 69.30 70.45 71.60

TmageNet PLOT 6740 6880 6990 70.15  71.37

PBPrompt 6955 69.90 7050 7162  71.86

CoOp  93.13 9297 9450 9473 9550

Calicchlo]  CoCoOp 9227 9347 9427 9473 9521

PLOT  87.90 89.53 91.87 9290  93.80

PBPrompt 9392 9440 9483  95.13 9537

CoOp 5003 5393 5923 6437 6840

5D CoCoOp 5080 5410 5837 6307  67.67

PLOT 5220 5603 5837 6557  70.17

PBPrompt 5203 5620 59.63 6417 6850

CoOp 5180 6633 6587 7477  83.07

FuosaT  CoCoOp 5193 6417 6720 7507 8287

PLOT  59.77 69.03 73.50 80.03 8347

PBPrompt 6092 6877 7284 80.14 8421

CoOp 2620 2790 3003 3600  39.73

. CoCoOp 1683 2647 2927 3617  38.60

FGVCAircraft — "pror™ 9020 2187 2390 2703 30.57

PBPrompt 2741 29.03 3189 3610  39.54

CoOp 7300 8190 8650 9413 9620

Flowersl0a  C0CoOp 7680 8640 9180 9398 9630

PLOT 7050 8057 8870 9377  95.70

PBPrompt 7543 8337 8890 9400 9632

CoOp 8270 8277 83.63 8400 8533

CoCoOp 8335 8285 8275 8420 8546

FOOD101 PLOT 6933 7273 7517 7670  77.87

PBPrompt 8555 8625 8630 87.00  87.10

CoOp 9027 8993 9220 9247 9247

Oxtordpets  C0CoOp 9020 8887 9177 9173 92.10

PLOT 8293 8540 8597 8740  88.10

PBPrompt 9120 9173  92.63 93.00  93.40

CoOp 6705 7013 7327 7690  79.13

SunfordCars C0C00p 6713 6883 7203 7610 7745

PLOT 4597 5143 5397 5962 6451

PBPrompt 6730 7020 73.60 7723  79.47

CoOp 6732 6767 70.14 7237 7457

SUN397 CoCoOp 6560 66.13 6985 7035  73.13

PLOT 5517 5940 6273 6580  67.00

PBPrompt  68.10 69.35 7021 7220 7415

CoOp 7007 7330 7787 80.10 8240

UCEIO1 CoCoOp 7080 7350 7615 7923 8230

PLOT  49.63 5320 60.80 6723  70.50

PBPrompt 7145 7490 7760 7977  80.93

CoOp 6724 7055 7002 7636 7892

N CoCoOp 6674 7036 7298 7592  78.43
verage

PLOT 60.09 6436 67.69 71.48 73.91
PBPrompt 69.35 72.19 7445 77.31 79.17
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Table C. 6: The few-shot learning results of various methods on 11 datasets using RN50. We report
the average value over three different seeds.

Dataset Methods 1 shot 2 shots 4 shots 8 shots 16 shots
CoOp 8751 +£1.02 8784 +1.10 89.52+0.80 9028 +042 91.99 +0.31
Caltech101 PLOT 89.83 +£0.33 90.67 £0.21 90.80 +£0.20 91.54 +0.33 92.24 +0.38

PBPrompt 90.21 £045 90.86 £0.24 90.92+0.10 91.37+0.21 92.03+0.17

CoOp 43.62+1.96 4535+031 5394+137 59.69£0.13 6251 £0.25

DTD PLOT 46.55+2.62 51.24+195 56.03+£043 61.70+0.35 65.60 £ 0.82
PBPrompt 4721 £122 52.08+0.78 5697+0.55 61.84+0.21 65.58+0.33

CoOp 52.12+5.46 59.00 £3.48 68.61 £3.54 77.08£242 83.69+ 047

EuroSAT PLOT 54.05+£595 6421 +£190 7236+£229 7815+£2.65 8223+0091
PBPrompt 57.34 £3.12 64.67 £ 121 73.10+134 7839+1.72 82.20+0.32

CoOp 859+£579 1652+238 20.63+246 26.63+£0.86 31.43+0.96

FGVCAircraft PLOT 1790 £ 0.09 1894 £ 044 2236+042 26.17+£0.29 31.49+0.89
PBPrompt 17.49 £1.24 1872 +£045 2255+044 26.71+031 31.44+0.64

CoOp 6798 £1.98 7758 +1.46 86.10E£1.05 91.27+£0.83 94.49+0.40

Flowers102 PLOT 7172+ 097 81.19£0.79 87.82£0.20 9243 £025 94.76 £0.34
PBPrompt 70.84 £1.23 81.35+0.87 87.574+0.34 9244 +0.31 94.60+0.24

CoOp 7425 +£1.52 7261 £133 7349 £2.03 7T71.58+£0.79 7448 £0.15

FOOD101 PLOT 77174 +£047 77770 £0.02 7721 £043 7531030 77.09+£0.18
PBPrompt 77.35+£0.33 7793+£0.12 78.09+0.21 77.79+020 77.75+0.12

CoOp 5699 +1.03 5640 £0.87 5848 047 60.39+0.57 61.91+£0.17

ImageNet PLOT 59.54 £0.16 60.64 £0.06 61.49+£0.23 61.92+0.09 63.01+£0.13
PBPrompt 60.54 £0.12 60.72+0.09 61.68+0.13 62.00+0.09 62.95+0.11

CoOp 8599 £0.28 8222+£2.15 86.65+£097 8536x1.00 87.02+0.89

OxfordPets PLOT 8749 £0.16 86.64 £0.06 88.63+0.23 87.39+0.09 87.21+0.13
PBPrompt 87.75+0.25 86.32+0.75 89.08+0.23 88.34+0.14 88.45+0.21

CoOp 55.81 £1.67 5841 +£043 62.74£0.16 67.64£0.06 73.60=+£0.19

StanfordCars PLOT 56.60 £0.36 57.52+0.71 6341 £0.29 67.03+£0.50 72.80+0.75
PBPrompt 57.14 £0.21 57.76 £0.34 63.53+0.20 67.64+0.12 73.75+0.34

CoOp 60.12+£0.82 59.60 £0.76 6324 £0.63 6577 £0.02 68.36 £ 0.66

SUN397 PLOT 6247 +043 61.71 £0.65 65.09+043 67.48+£0.04 69.96+0.24
PBPrompt 6251 £049 63.45+0.66 64.77+0.51 67.35+0.08 69.934+0.17

CoOp 62.13+£1.14 64.05+0.99 67.79+£0.71 72771 £0.50 76.90 £ 0.50

UCF101 PLOT 64.53 £0.70 66.83 £0.43 69.60 £0.67 74.45+£0.50 77.26+0.64
PBPrompt 6429 £0.84 66.88+0.32 69.954+0.55 74.86+0.47 77.35+0.52

CoOp 59.56 £2.06 61.51 £1.39 6647 £1.29 69.85+£0.69 73.31+0.42

Average PLOT 62.58 £1.13 6521 £0.72 68.62£0.52 7123 £0.51 73.97+£0.54
PBPrompt 6297 £0.86 65.52+052 68934+042 71.70+£0.35 74.18£0.29

C.6 BASE-TO-NEW GENERALIZATION DETAILS

In this section, we report the complete results on base-to-new generalization using ViT-B/16 and
RNS50 respectively. Table. C. 7 shows more detailed accuracy consistent with Fig. 4 in the manuscript.
Besides, we also provide comprehensive results using RN50 with CoOp ( ),
CoPLOT ( ), and our PBPrompt (shown at Table C. 8).
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Table C. 7: The base-to-new generalization accuracy results of various baselines on 11 datasets using
ViT-B/16. We report the average value over three different seeds, and the results are performed on a
16-shot base set and then evaluated on the held-out new class. The best and the runner-up results are
highlighted and underlined. H: the harmonic mean.

Average ImageNet Caltech 101 Oxford Pets

Base  New H Base New H Base New H \ Base New H
CLIP 69.34 7422 71.69 | 72.34 68.14 70.18 | 96.84 94.00 95.39 | 91.17 97.26 94.11
CoOp 82.66 63.22 71.65 | 76.14 67.88 71.77 | 98.00 89.81 93.72 | 93.67 9529 9447
CoCoOp 80.47 71.69 75.83 | 7598 7043 73.10 | 97.96 93.81 95.84 | 95.20 97.69 96.43
CoPLOT 7720 60.38 67.76 | 7597 69.23 72.44 | 96.53 82.86 89.17 | 93.45 79.76 86.06
CoOp+VPT | 7198 7476 7334 | 7473 70.60 72.60 | 9547 93.80 94.62 | 90.77 97.83 96.61
CoOp+SHIP | 80.03 73.69 76.73 | 75.87 69.95 72779 | 97.55 9520 9636 | 92.19 93.85 93.01
PBPrompt 81.36 74.65 77.86 | 76.90 70.87 73.76 | 97.98 95.37 96.66 | 95.83 98.03 96.92

Stanford Cars Flowers 102 Food 101 FGVC Aircraft

Base New H Base  New H Base New H Base  New H
CLIP 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 78.12 60.40 68.13 | 97.60 59.67 74.06 | 88.33 8226 85.19 | 40.44 2230 28.75
CoCoOp 70.49 73.59 72.01 | 94.87 71.75 81.71 | 90.70 91.29 90.99 | 33.41 23.71 27.74
CoPLOT 61.41 42.69 50.37 | 95.26 56.03 70.56 | 88.45 8528 86.84 | 29.63 16.17 20.92
CoOp+VPT | 6527 7597 7021 | 7297 7590 74.40 | 90.37 91.67 91.01 | 29.57 33.80 31.54
CoOp+SHIP | 68.57 7390 71.14 | 94.02 7440 83.06 | 90.54 91.03 90.87 | 34.27 32.33 33.28
PBPrompt 7293 73.12 73.02 | 9547 73.60 83.12 | 90.87 91.57 91.22 | 3547 33.834 34.64

SUN 397 DTD EuroSAT UCF 101

Base New H Base New H Base New H Base New H
CLIP 69.36 75.35 7223 | 53.24 5990 56.37 | 5648 64.05 60.02 | 70.53 77.50 73.85
CoOp 80.60 65.89 7251 | 79.44 41.18 5424 | 92.19 54.74 68.69 | 84.69 56.05 67.45
CoCoOp 79.74 76.86 7827 | 77.01 56.00 64.85 | 87.49 60.04 71.21 | 82.33 7345 77.64
CoPLOT 78.56 7234 7532 | 69.87 53.63 60.68 | 87.39 64.63 74.30 | 72.71 4151 52.84
CoOp+VPT | 73.77 7790 7577 | 57.67 58.70 58.18 | 67.97 71.63 69.75 | 73.23 74.63 73.92
CoOp+SHIP | 79.54 75.27 7735 | 74.88 56.88 64.65 | 88.63 66.87 76.22 | 81.08 76.85 78.91
PBPrompt 7930 77.43 7835 | 78.03 57.81 66.41 | 89.53 72.87 80.34 | 82.66 76.59 79.51

Table C. 8: The base-to-new generalization accuracy results of various baselines on 11 datasets using
RNS50. We report the average value over three different seeds, and the results are performed on a
16-shot base set and then evaluated on the held-out new class. The best results are highlighted. H:
the harmonic mean.

Average ImageNet Caltech 101 Oxford Pets
Base New H Base New H Base New H \ Base New H
CoCoOp 7577 64.6 69.71 | 683 63.1 6560 | 95.0 90.0 9243 | 923 946 9244
CoPLOT 759 676 7151 | 68.2 63.1 6555 | 954 909 93.09 | 92.1 959 93.96
PBPrompt | 753 694 7223 | 682 63.3 65.66 | 945 923 9339 | 924 959 94.12
Stanford Cars Flowers 102 Food 101 FGVC Aircraft
Base New H Base New H Base New H Base New H
CoCoOp 61.8 653 6350 | 91.2 675 7758 | 85.0 86.0 8550 | 255 257 25.60
CoPLOT 632 66.5 6480 | 89.6 69.2 78.09 | 85.0 852 8510 | 25.6 26.6 26.09
PBPrompt | 64.6 655 65.05 | 89.8 71.0 79.30 | 84.6 86.5 8554 | 232 278 25.29
SUN 397 DTD EuroSAT UCF 101
Base New H Base New H Base New H Base New H
CoCoOp 75.1 73.6 7434 | 73.1 50.0 59.38 | 88.9 335 48.66 | 765 61.6 6825
CoPLOT 752 732 7417 | 72.6 514 60.19 | 91.0 553 68.79 | 774 662 71.36
PBPrompt | 75.1 73.7 74.40 | 703 56.2 62.46 | 89.7 66.2 76.18 | 76.1 67.1 71.32
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C.7 DOMAIN GENERALIZATION DETAILS

In this section, we report the results of comparison between our method PBPrompt and PLOT on
domain generalization using RN50. As shown in Table C. 9, our method has significant improvement
on 3 out of 4 datasets using RN50 backbone.

Table C. 9: Cross-domain generalization accuracy results of various baselines using RN50.A: The improve-
ments of the proposed model compared to PLOT.

Source Target
Method Learnable ImageNet ImageNetV2 ImageNet-Sketch ImageNet-A ImageNet-R
CoOp v 61.91 54.26 32.47 21.78 54.21
PLOT v 63.01 55.11 33.00 21.86 55.61
PBPrompt v 62.95 54.77 34.10 24.85 59.89
A - —0.06 —0.34 +1.10 +2.99 +4.28

C.8 CROSS-DATASET TRANSFER LEARNING DETAILS

In this section, we report the results of comparison between our method PBPrompt and other CoOp-
based methods on cross-dataset transfer learning using ViT-B/16. As shown in Table C. 10, compared
with these CoOp-based methods, the proposed method has significant improvement on 8 out of 11
datasets and only shows a slight drop on the others.

Table C. 10: Cross-dataset transfer learning accuracy results of CoOp-based method on source and target
datasets using ViT-B/16. A: The improvements of the proposed model compared to SHIP.

Source Target
k] = >
E 3 g E % &
: = 5 & : % £ z E B B
Method E S £ S = 5 = 2 2 2 S =
CoOp + VPT  69.73  93.67 89.27 65.50  70.20 86.27 22.13 66.57 46.93 47.43 67.21 65.51
CoOp + SHIP 94.04 90.38 65.55 69.67 86.40 2190 6626  45.69  48.17 68.52 65.69

PBPrompt 71.711 94.87 90.62 66.00 72.44 86.34 24.82 67.69 45.62 47.13 68.83 66.40
A - +0.83 +0.24 40.45 +42.77 —-0.06 +2.92 +1.43 —0.07 —-1.04 +0.31 +40.71

C.9 TRADE-OFF ON BASE-TO-NEW GENERALIZATION

The number of training epochs causes the trade-off between performance on base and on new classes.
Specifically, more training epochs lead better accuracy on base classes and lower it on new classes.
Therefore, we training ImageNet, Caltech101, DTD, EuroSAT and Flowers102 for 50 more epochs on
base-to-new task. As shown in Table C. 11, increasing the number of epochs in the training process
can enhance performance on base classes while causing a slight decline on new classes. However, the
changes in the harmonic mean are only marginally affected. For example, with more training epochs
on Flowers102, our proposed method raises the performance on base classes by +1.21 and lower
it on new classes by —2.44. This change slightly affects the harmonic mean, reducing it by 1.37%
which is still 0.33% better than CoCoOp.

C.10 MORE ABLATION STUDY DETAILS

In this section, we validate that the stochastic generated module is the crucial factor affected the per-
formance of our proposed method instead of additional parameters in inference network. Empirically,
we also compare the results with our purposed method under Optimal Transport (OT) framework to
test the efficiency of the adopted CT module. We build two models denoted by PBPrompt,,,, ¢ and
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Table C. 11: Base-to-new generalization accuracy results of our purposed method PBPrompt with more 50
training epochs on ImageNet, Caltech101, DTD, EuroSAT and Flowers102 using ViT-B/16. (-) denoted the
difference from the original results in Table C. 7. A: The improvements of harmonic mean compared to CoCoOp

(without additional training epochs).

ImageNet Caltech101  Flowers102 DTD EuroSAT
Base 76.97 (+0.07) 98.01 (+0.03) 96.68 (+1.21) 80.44 (+2.41) 91.86 (+2.32)
New  70.12 (-0.75) 94.43 (-0.94) 71.16 (-2.44) 52.15(-5.66)  68.08 (-4.79)
H 73.36 (-0.40)  96.19 (-0.47)  81.98 (-1.14)  63.28 (-1.57)  78.20 (-2.14)
A +0.26 +0.35 +0.27 —1.57 +6.99

PBPrompt, respectively for comparison. PBPrompt,, s denotes the model removing the stochastic
prompt generation process and only preserving the inference network. PBPrompt; denotes the
model replace the CT framework with OT framework. Then, we conduct the ablation study on the

few-shot task (1/2/4 shots) with ImageNet, Caltech101, Flowers102, DTD and EuroSAT.

Table C. 12: The results of ablation study on five datasets using ViT-B/16. We report the average
value over three different seeds. The best results are highlighted.

C.11

Dataset Methods 1 shot 2 shots 4 shots
CoOp 68.10 6925  69.53
PBPrompt, s 6827 6930  69.92
ImageNet  ppprompty, = 69.03 6979  70.23
PBPrompt 69.55 69.90  70.50
CoOp 93.13 9297  94.50
PBPrompt,,, ¢ 92.86 9391 9451
CaltechlOl ppprompry, 9339 9376  94.62
PBPrompt 93.92 9440  94.83
CoOp 73.00 8190  86.56
PBPrompt,, s 73.56 82.04  87.00
Flowers102 - ppprompty, 7416  82.66  87.92
PBPrompt 7543 8337  $8.90
CoOp 5003 5303 59.23
5D PBPrompt,,, s 50.65 5455  59.40
PBPrompty, ~ 5195 55.66  59.50
PBPrompt 5203 5620  59.63
CoOp 5180 6633  65.87
PBPrompt,, s 52.15 6697  68.19
EuroSAT  ppprompty, 6110 6721  71.77
PBPrompt 60.92  68.77 72.84

COMPUTATION COST EVALUATION

Table C. 13: The parameters and inference time comparison.

Settings | CoOp CoCoOp PLOT(N=4) PBPrompt
# Params 2048 35360 8192 1577984
Inference Speed(images/s) 645 37 583 541

In this section, we summarize the comparison of the parameters and inference speed of the baseline
), PLOT
prompts and our PBPrompt with 10 samples. We report the number of learnable parameters and the
number of images processed by the model in 1 second during inference on the Food101

methods CoOp

(

), CoCoOp
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(2014) dataset. As shown in Table. C. 13, despite the introduction of additional learnable parameters
in our model, we were able to achieve comparable inference speed.

D VISUALIZATION DETAILS

D.1 ANALYSIS FOR VISUALIZATION

Prompt #1 Prompt #2 Prompt #3

The crocodile stands on the edge of | Its skin is rough and The alligator has its
Top-1 | a body of water, which has links to scaly, with a dark brown | mouth open and its
the landmass that it is standing on. color. teeth visible.

The crocodile’s body is | The crocodile’s body is
Top-2 | The background is a body of water. long and slender, with a | long and slender, with a
broad, flat tail. broad, flat tail.

Prompt #1 Prompt #2 Prompt #3

The elephant’s body is Its skin is rough and The The trees in the background
large and muscular, with a | elephant has large tusks and | are tall and leafy, with

@ TPl | thick trunk and large ears. | appears to be looking at branches reaching up towards
something in the distance. the sky.
The elephant is standing on | The elephant’s body is large | The elephant’s skin appears
its hind legs, with its front and muscular, with a thick to be brown and rough, with
Top-2 legs on the ground. trunk and large ears. a few patches of dirt on its
body.

Figure D2: Prompt-caption retrieval results.

To exhibit how stochastic-generated prompts for a certain class focus on the visual concepts of
the images related to the corresponding class, we have provided some visualization examples at
Fig. 7(b) in the manuscript via employing the transport plans 7 to match the relations between various
textual prompts and visual patches. In the first two rows, we present two images belonging to the
"Abyssinian" and "Keeshond" respectively in OxfordPets. Obviously, from the heatmaps, the prompts
generated from the corresponding class prefer to focus on their ears, nose, eyes, and other body parts
with category-specific characteristics. In the third row, we select an image belonging to the "Hibiscus"
in OxfordFlowers and the stochastic-generated prompts pay more attention to its stems, stamens, and
petals. Simultaneously, we take an image belonging to the "Bentley Continental Supersports Conv.
Convertible 2012" in StanfordCars in the fourth row, and the corresponding prompts concentrate on
the car’s body, wheels, and roof.

For the prompts generated for classes unrelated to the image, we also provided some examples
to demonstrate the content they focused on. As shown in Fig. D1, most heatmaps concentrate on
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the environment of the object, while others pay attention to certain areas of the object but lack a
significant correlation with the object category attributes.

To explain the learned prompt from the text domain, one of the direct ways is to visualize the most
semantically close words of the generated prompts. Unfortunately, previous works find that the
most of retrieved words failed to explain the prompts ( , ). To this end, we here
adopt Mini-GPT4 to generate diverse captions and report the top-2 captions of each learned prompt
according to their cosine similarity (calculated by their CLIP features) at Table. D2. From the results,
we find that 1) The learned prompts indeed capture diverse label-specific concepts; 2) The retrieved
captions of each prompt share close semantics, which demonstrates the coherence of the learned
prompts.
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