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Abstract

Prompt learning has emerged as an effective technique
for fine-tuning large-scale foundation models for down-
stream tasks. However, conventional prompt learning meth-
ods are prone to overfitting and can struggle with out-
of-distribution generalization. To address these limita-
tions, Bayesian prompt learning has been proposed, which
frames prompt optimization as a Bayesian inference prob-
lem to enhance robustness. This paper introduces Repulsive
Bayesian Prompt Learning (ReBaPL), a novel method for
Bayesian prompt learning, designed to efficiently explore
the complex and often multimodal posterior landscape of
prompts. Our method integrates a cyclical step-size sched-
ule with a stochastic gradient Hamiltonian Monte Carlo
(SGHMC) algorithm, enabling alternating phases of ex-
ploration to discover new modes, and exploitation to re-
fine existing modes. Furthermore, we introduce a repulsive
force derived from a potential function over probability met-
rics (including Maximum Mean Discrepancy and Wasser-
stein distance) computed on the distributions of represen-
tations produced by different prompts. This representation-
space repulsion diversifies exploration and prevents prema-
ture collapse to a single mode. Our approach allows for
a more comprehensive characterization of the prompt pos-
terior distribution, leading to improved generalization. In
contrast to prior Bayesian prompt learning methods, our
method provides a modular plug-and-play Bayesian exten-
sion of any existing prompt learning method based on max-
imum likelihood estimation. We demonstrate the efficacy of
ReBaPL on several benchmark datasets, showing superior
performance over state-of-the-art prompt learning methods.

ω Equal contribution.
† Corresponding author.
Our code is available at !https://github.com/SigmaNova/

ReBaPL

1. Introduction

Large-scale vision-language models (VLMs), such as
CLIP [34], have demonstrated remarkable zero-shot gen-
eralization capabilities across a wide array of visual tasks.
Many works have shown better performance on down-
stream task by adapting VLMs for few-shot image clas-
sification [1, 12, 45–47]. Among these methods, prompt
learning has emerged as an efficient model adaptation tech-
nique, enabling VLMs and other foundation models to be
tailored for specific downstream tasks by learning continu-
ous prompt vectors, instead of fine-tuning the entire model.
However, this approach is not without its drawbacks. Stan-
dard prompt learning, which typically optimizes prompts
through maximum likelihood estimation (MLE), is prone to
overfitting on training data, leading to diminished general-
ization performance on out-of-distribution (OOD) samples
and unseen classes.

The initial MLE-based prompt learning method, known
as CoOp [47], is especially prone to overfitting [27]. In
an attempt to mitigate this issue, a subsequent MLE-based
prompt learning method, known as CoCoOp [46], proposed
learning an instance-specific continuous prompt that is con-
ditioned on the input image. While CoCoOp performs bet-
ter than CoOp, it can still suffer from generalization issues.

In contrast to prompt learning for the text modality only,
other recent approaches involve multi-modal prompt learn-
ing for both image and text representations [4, 16, 21, 43].
These approaches introduce learnable prompt tokens at
varying depths in the transformer layers in the image and
text encoders, and then generally use a vision-language cou-
pling function to induce learning of prompts in a shared em-
bedding space.

Other MLE prompt learning methods [22, 26] generally
focus on regularization-based approaches to mitigate over-
fitting [46, 48]. One such approach, PromptSRC [22], uses
self-regulating constraints to prevent prompts from losing
the generalized knowledge of the pretrained model. The
ProDA method [26] is a probabilistic approach, where the
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prompt distribution is fit to a Gaussian distribution using
MLE, with a regularization term to improve prompt diver-
sity. While effective at mitigating overfitting, these methods
guide the learning process towards a single optimal solution
manifold and may not fully capture the complex, potentially
multi-modal posterior distribution of effective prompts.

Rather than seeking a single point estimate with reg-
ularization, an alternative paradigm is to characterize the
full distribution over prompts through Bayesian inference.
Bayesian prompt learning methods [4, 5, 9, 23, 33] frame
prompt learning as a Bayesian inference problem. These
methods aim to enhance robustness and improve general-
ization by inferring a posterior distribution over the prompt
space. This probabilistic perspective naturally introduces
regularization, which helps prevent the model from learning
spurious features and overfitting to the training set. Most
Bayesian prompt learning approaches estimate the poste-
rior using a variational unimodal Gaussian approximation,
which limits diversity. To address this limitation, the Adap-
tive Particle-based Prompt Learning (APP) approach [5]
uses a Wasserstein gradient flow and Stein Variational Gra-
dient Descent (SVGD) to approximate multiple modes in
the posterior using a variational distribution represented
by a collection of interacting particles. VaMP [4] extends
multi-modal (text-image) prompt learning by introducing
variational inference to model prompts as probabilistic la-
tent variables rather than deterministic parameters. This
enables instance-specific, uncertainty-aware prompt gener-
ation, where text prompts are dynamically conditioned on
input image features and sampled from learned posterior
distributions, with a class-aware prior providing semantic
regularization. While VaMP incorporates uncertainty mod-
eling into multi-modal prompting, it relies on a variational
approximation with a unimodal Gaussian posterior, which
may limit its ability to capture the full complexity of multi-
modal prompt distributions.

We propose a novel Repulsive Bayesian Prompt Learn-
ing (ReBaPL) approach based on cyclical stochastic gra-
dient Hamiltonian Monte Carlo (rcSGHMC). In contrast
to the deterministic SVGD method used in APP, our ap-
proach leverages an efficient MCMC algorithm where the
posterior is represented as a collection of samples, cou-
pled to a repulsive force based on the interaction between
prompt representations. This allows our method to provide
a richer representation of the shape of the high-density re-
gions around multiple modes in the posterior, which results
in better generalization to novel classes without overfitting
on the base classes. In contrast to prior Bayesian prompt
learning methods, our method provides a modular plug-
and-play Bayesian extension of any existing MLE-based
prompt learning method. We implement and perform exper-
iments with ReBaPL running as a plug-and-play learning
algorithm on top of two existing prompt learning methods:

MaPLe [21] and MMRL [16].
Our contributions include:

• Repulsive cyclical SGHMC: We propose the rcSGHMC
algorithm for approximating complex multimodal poste-
riors. Through the use of Hamiltonian dynamics, cyclical
learning rates, and repulsion between prompt representa-
tions, our method is effective at exploring the complex
posteriors with multiple modes that are found in prompt
learning.

• Representation-based repulsion: Rather than comparing
parameters directly in weight space, our method intro-
duces a repulsive potential based on probability met-
rics, including Maximum Mean Discrepancy (MMD) and
Wasserstein distance, between the distributions of repre-
sentations. This allows us to capture the functional sim-
ilarity between prompts through their induced represen-
tations, encouraging exploration of functionally diverse
modes in the posterior.

• We show experimentally that our approach provides rich
characterization of the space of diverse prompts, which
improves generalization performance on base-to-novel
tasks, cross-dataset transfer, and domain generalization.

2. Background
In this section we introduce the core principles of our
ReBaPL method, namely: prompt learning (Section 2.1),
Bayesian learning (Section 2.2), and probability metrics
(Section 2.3). Figure 1 provides an overview of our ap-
proach.

2.1. Prompt Learning
Contrastive Language-Image Pretraining (CLIP) [34] is a
pre-training method that learns a joint latent space for
texts and images. Its main principle is encoding an im-
age through a Convolutional Neural Net (CNN), e.g., a
ResNet [17]) or a Transformer, e.g., a ViT [10], and a text
snippet through a Transformer [38]. From a pre-trained
CLIP, it is possible to perform downstream tasks, such as
classification. For example, given an image x, one can mea-
sure the alignment with a textual prompt T in the latent
space. A good candidate for the textual prompt is ”A photo
of [CLS]”, where ”[CLS]” corresponds to the class with
which one is measuring the alignment. In this sense, CLIP
already demonstrates its own zero-shot generalization abil-
ity, mainly due to pre-training. Prompt learning takes this
idea further, where the prompt is treated as an optimization
variable during learning [47].

Early prompt learning methods for VLMs, such as
CoOp [47] and CoCoOp [46], focus exclusively on learn-
ing prompts in the language branch of CLIP. While these
approaches demonstrate improved performance on down-
stream tasks, they adopt a unimodal prompting strategy that
only partially adapts the pre-trained model. This limitation
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Figure 1. Overview of our proposed ReBaPL approach, in a multi-modal prompt learning setting. Text and image encoders receive
text (W0) and image (E0) embeddings as input, combined with learnable tokens of context prompts (P). The terms pertaining to the
exploration and sampling stages and the repulsion force are colored in blue, red and green respectively.

motivated the development of multi-modal prompt learn-
ing, which recognizes that both the vision and language en-
coders should be adapted simultaneously to achieve optimal
alignment between modalities [21]. While our ReBaPL ap-
proach can be run on top of any MLE-based prompt learning
method, we focus primarily on multi-modal prompt learn-
ing for the remainder of this paper, since these methods tend
to significantly outperform unimodal methods in terms of
predictive performance [16, 21].

Multi-modal Prompt Learning Given CLIP’s dual-
encoder architecture with text encoder L and image encoder
V , multi-modal prompt learning approaches [4, 16, 21] in-
troduce learnable context tokens in both branches at multi-
ple depths. Let V = {Vi}

K
i=1 and L = {Li}

K
i=1 denote the

K transformer layers in the vision and language branches,
respectively. In the case of MaPLe[21], MMRL [16], and
VaMP [4], prompt tuning is further implemented in deeper
layers in the encoders.

For the language branch, learnable tokens {Pi →

Rdtext}
b
i=1 are introduced alongside the input word embed-

dings W0 = [w1
0, w

2
0, . . . , w

N
0 ] → RN→dtext , forming the in-

put [P 1, P 2, . . . , P b,W0] to the first transformer layer. Ad-
ditional learnable tokens are introduced in the transformer
blocks of the language encoder Li, in deeper layers up to
depth J < K:

[ ,Wi] = Li([Pi↑1,Wi↑1]) i = 1, 2, . . . , J, (1)

where the learned prompts Pi are processed at each layer,
and [·, ·] is the concatenation operation. After depth J , sub-

sequent layers process the prompts from layer J , and the
final text representation v is computed by projecting the
text embeddings to a common vision-language embedding
space:

[Pj ,Wj ] = Lj([Pj↑1,Wj↑1]) j = J + 1, . . . ,K, (2)

v = TextProj(wN
K) (3)

Similarly, for the vision branch, learnable tokens {P̃i →

Rdvis}
b
i=1 are introduced alongside the patch embeddings

E0 and class token c0. The vision prompts are processed
through transformer layers of the vision encoder Vi analo-
gously to the language prompts, with learnable tokens intro-
duced up to depth J , where u is the final image representa-
tion is obtained by projecting to a common vision-language
embedding space:

[ci, Ei, ] = Vi([ci↑1, Ei↑1, P̃i↑1]) i = 1, 2, . . . , J,
(4)

[cj , Ej , P̃j ] = Vj([cj↑1, Ej↑1, P̃j↑1]) j = J + 1, . . . ,K,
(5)

u = ImageProj(cK) (6)

Vision-Language Coupling. A key insight of recent
multi-modal prompt learning is that the vision and language
prompts should not be learned independently [16, 21]. To
ensure mutual synergy between modalities, a coupling func-
tion F explicitly conditions the vision prompts on their lan-
guage counterparts:

P̃i = Fi(Pi), (7)
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where the implementation of Fi : Rdtext ↑ Rdvis de-
pends on the particular multi-prompt learning method. For
MaPLe [21], F is implemented as a learnable linear pro-
jection. In MMRL [16], the coupling function uses vi-
sual tokens embedded in a shared latent space, which are
initialized by sampling from a Gaussian, and then uses
a separate linear projection to generate modality-specific
prompts. VaMP [4] employs a different coupling strategy,
where text prompts are generated by layer-specific MLPs
that map frozen CLIP image features to prompt tokens, cre-
ating sample-specific text prompts, while vision prompts re-
main shared and learnable across samples. For all of these
approaches the coupling function acts as a bridge between
the two modalities, allowing mutual gradient propagation
and promoting synergistic adaptation. This explicit con-
ditioning discourages independent unimodal solutions and
encourages learning of prompts in a shared embedding.

Given a dataset D = {xi, yi}ni=1 of images xi and labels
yi → {1, · · · , C}, multi-modal prompt learning optimizes
the language prompts {Pi}, vision prompts {P̃i}, and cou-
pling functions {Fi} via:

ωω = arg min
ε

↓
1

n

n∑

i=1

log p(yi|ui, ω), (8)

p(yi|ui, ω) =
exp(cossim(ui, vyi)/ε)

∑C
c=1 exp(cossim(ui, vc)/ε)

, (9)

where ω encompasses all learnable prompts and coupling
parameters, ui is the image embedding from the vision en-
coder (now influenced by vision prompts P̃i), vc is the text
embedding for class c (influenced by language prompts Pi),
and ε is a temperature parameter.

2.2. Bayesian Learning
Bayesian learning is a framework for reasoning under un-
certainty, which is particularly relevant to data-scarce ap-
plications [31]. Starting from Bayes theorem [36], for a
dataset D and a model parameterized by ω, the posterior
probability over parameters p(ω|D) can be modeled as,

p(ω|D) =
p(D|ω)p(ω)

p(D)
, then p(ω|D) ↔ p(D|ω)p(ω). (10)

In practice, we want to estimate log p(ω|D), or, equivalently
(modulo the normalization constant p(D)) log p(D|ω) +
log p(ω). The first term is the log-likelihood, and the sec-
ond term is the prior over parameters. Henceforth, we call
U(ω) = ↓ log p(D|ω) the potential.

One way to estimate the posterior in Bayesian learning
is sampling from p(ω|D), i.e., acquiring samples with high
probability under this distribution. This can be done by
adding the proper amount of noise to a gradient-based opti-
mization algorithm. Indeed, assuming ω1, · · · , ωK ↗ p(ω),

we can flow these samples with Langevin dynamics,

ωk,t+1 = ωk,t ↓ ϑt↘U(ωk,t) +
≃

2ϑtϖt, (11)

where ϖt ↗ N (0, Id). This equation corresponds to the
discretization in time of the Langevin Stochastic Differen-
tial Equation (SDE), ω̇k(t) = ↓↘U(ωk(t))dt +

≃
2dWt,

where dWt is a standard d↓dimensional Wiener process.
Solving this SDE is potentially intractable, since comput-
ing ↘U(ωk) = ↓↘ log p(D|ω) involves evaluating the like-
lihood term over the complete dataset. This motivated [41]
to propose the Stochastic Gradient Langevin Dynamics
(SGLD) algorithm, which estimates the potential’s gradient,
↘U , over mini-batches from D, that is,

Ũ(ω) = ↓
m

n

m∑

i=1

log p(xi|ω) + log p(ω),

where m ⇐ n is the mini-batch size. However, this algo-
rithm suffers from slow convergence in high dimensions.

To solve the limitations of SGLD, [3] proposes mo-
mentum variables r with a friction term, thus introducing
Stochastic Gradient Hamiltonian Monte Carlo (SGHMC),
{
ωk,t+1 = ωk,t + rk,t
rk,t+1 = rk,t ↓ ϑt↘Ũ(ωk,t) ↓ ϱrk,t +

√
2(ϱ ↓ ς̂)ϑtϖt.

(12)
Here, ς̂ estimates the stochastic gradient noise. The fric-
tion term ϱ counteracts this noise to ensure convergence to
the correct stationary distribution. This allows SGHMC to
combine the computational efficiency of mini-batching with
the rapid exploration of momentum-based dynamics.

In a further development, [44] proposed alternating be-
tween exploration and sampling stages for enhancing the
diversity of samples in Stochastic Gradient Markov Chain
Monte Carlo (SGMCMC) methods. First, they update the
learning rate using a cosine scheduler. Second, they alter-
nate between iterations of exploration and sampling cycli-
cally. This approach is known as Cyclical SGMCMC.

Remark. (Nomenclature of methods) As discussed in [44],
both SGLD and SGHMC can be unified under the com-
mon framework of SGMCMC methods. This nomenclature
hints at the fact that these algorithms are stochastic gra-
dient discretizations of continuous-time Markov processes
designed to sample from the posterior distribution, differ-
ing only in how they incorporate momentum, friction, and
injected noise. For the remainder of the paper, we adopt this
convention for Bayesian methods.

2.3. Probability Metrics
In this section, we present metrics between probability dis-
tributions that will be used in our method. Recall that, given
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a subset ! → Rd, P(!) denotes the set of probability dis-
tributions on !. A probability metric is a metric on ele-
ments of P(!). In the following, we discuss how to esti-
mate these metrics based on finite samples from p and q,
denoted {z(p)i }

n
i=1 and {z(q)j }

m
j=1, respectively.

The Maximum Mean Discrepancy (MMD) metric, pro-
posed by [15], computes a distance between p and q based
on a kernel φ : ! ⇒ ! ↑ R. More specifically,

d(p, q)2 =
1

n2

n∑

i,j=1

φ(z(p)i , z(p)j ) +
1

m2

m∑

i,j=1

φ(z(q)i , z(q)j )

↓
2

nm

n∑

i=1

m∑

j=1

φ(z(p)i , z(q)j ). (13)

Meanwhile, the Wasserstein distance comes from Opti-
mal Transport (OT) [29]. This distance computes the least
amount of effort or energy to transport one distribution into
another. In mathematical terms,

d(p, q)2 =
n∑

i=1

m∑

j=1

ςω
ij⇑z

(p)
i ↓ z(q)j ⇑

2
2, (14)

where ςω = argminϑ↓!

∑n
i=1

∑m
j=1 ςij⇑z

(p)
i ↓ z(q)j ⇑

2
2 is

called the optimal transport plan. Here, ” = {ς → Rn→n
+ :∑n

i=1 ςij = m↑1,
∑m

j=1 ςij = n↑1
} is the set of feasible

transportation plans.
In either of these cases, one can see d(p, q) as a function

of its samples, i.e., {{z(p)i }
n
i=1, {z

(q)
j }

m
j=1} ⇓↑ d(p, q). In

this sense, Equations 13 and 14 compute a distance between
groups of points. This will be useful in the next section (c.f.
Equation 18), as probability metrics will serve as a way of
capturing the geometry of the weight space. More details
are available in Appendix C.

3. Bayesian Prompt Learning with Repulsive
Cyclical SGHMC

Our goal in this section is to present a Bayesian view of
prompt learning. We recall that D = {xi, yi}ni=1 is a
dataset of i.i.d. samples. Each text prompt and image
in D is encoded, i.e., vyi = TextProj(wN

K) and ui =
ImageProj(cK). Starting from Equations 8 and 9, and un-
der the i.i.d. assumption, the log-likelihood is written as
log p(D|ω) =

∑n
i=1 p(yi|ui, ω). Now, using Equation 9,

multi-modal prompt learning corresponds to Maximum A
Posteriori (MAP) estimation:

ωωMAP = arg maxε log p(ω) +
n∑

i=1

p(yi|ui, ω), (15)

where ω includes all learnable prompts and coupling pa-
rameters. As a consequence of Equation 15, MaPLe and

MMRL inherit the intrinsic limitations of MAP estimation
under data scarcity. In particular, they are subject to overfit-
ting, and do not account for predictive uncertainty.

Our goal is to use a Bayesian setting, which allows us to
sample high quality prompts from the posterior p(ω|D). The
main insight is that the underlying prompt landscape has
many equally good (in terms of training loss) prompts that
have different generalization capabilities (test loss or accu-
racy). On the one hand, we want to generate samples that
are likely under the posterior p(ω|D). On the other hand,
we want to enhance sample diversity to uncover multiple
modes in the landscape. To achieve both of these goals, we
propose the Repulsive Cyclical SGMCMC (rcSGMCMC)
algorithm. Our insight is that, in addition to using the cycli-
cal SGMCMC schedule of [44], we can further encourage
exploration with a repulsion term between prompts.

Remark. (Notation) In the following, we describe our
method mathematically. We use k to denote different sam-
ples in MCMC, t to denote the iteration, and c to denote
cycles. In this sense, each cycle c = 1, · · · , C is composed
of t = 1, · · · , T iterations across the k = 1, · · · ,K sam-
ples.

Given a balance parameter ↼, we define the exploration
stage where t

T ⇔ ↼, and the sampling stage where t
T > ↼.

We sample using Equation 16 :






ω(c)k,t+1 = ω(c)k,t + r(c)k,t + ↽
∑K

ϖ=1 F (ω(c)k,t, ω
(c↑1)
ϖ,T ),

r(c)k,t+1 = (1 ↓ ϱ)r(c)k,t ↓ ϑt↘Ũ(ω(c)k,t)

+ I t
T ,ϱ

√
2(ϱ ↓ ς̂)ϑtϖt,

(16)

for ϖt ↗ N (0, Id), and I t
T ,ϱ = 1 if t

T > ↼ and 0 oth-
erwise. These two stages are scheduled within cycles, as
in Zhang et al. [44]. We provide further mathematical mo-
tivation for these equations in our supplementary materials.

The main feature that distinguishes Equation 16 is the
repulsion of samples from the current cycle c, {ω(c)k,t}

K
k=1,

away from those of the previous cycle, {ω(c↑1)
ϖ,T }

K
ϖ=1. We

refer readers to Figure 1 for a conceptual illustration of the
effect of this force on the SGHMC algorithm, i.e., mode
exploration in the posterior.

We model the repulsive force through another potential,
V (ω, ω↔), so that, F (ω, ω↔) = ↓↘εV (ω, ω↔). Intuitively, this
potential should be large for similar parameters, and small
for different ones. A natural potential is,

V (ω, ω↔) =
1

d”(ω, ω↔)2 + ϖ
, (17)

where d” : #2
↑ R is a distance in the space of parameters

#. We propose comparing the representations extracted by
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Algorithm 1 Repulsive cSGHMC Training with Cycle
Restarts and Inter-Cycle Repulsion
Require: Initial step-size ϑ0, number of iterations T , num-

ber of cycles C, proportion of exploration ↼, momen-
tum 1 ↓ ϱ, repulsion strength ↽, noise estimate ς̂.

1: for Cycle c = 1, · · · , C do
2: for Iteration t = 1, · · · , T do
3: Set ϑt with cosine scheduling

4: F (c)
k,t =

{∑K
ϖ=1 F (ω(c)k,t, ω

(c↑1)
ϖ,T ) c > 1

0 otherwise

5: nt =

{√
2(ϱ ↓ ς̂)ϑtϖt

mod(t↑1,↗T/C↘)
↗T/C↘ > ↼

0 otherwise

6: ω(c)k,t+1 = ω(c)k,t + r(c)k,t + F (c)
k,t ,

7: r(c)k,t+1 = (1 ↓ ϱ)r(c)k,t ↓ ϑt↘Ũ(ω(c)k,t) + nt

8: end for
9: end for

the networks, i.e., uε,i for a representation of image xi; Al-
gorithm 1 gives our complete repulsive cSGHMC approach.

Modeling the geometry of the weight space is challeng-
ing [25] due to invariance to permutations (e.g. [13]) and
data scarcity in this space. Therefore, we propose compar-
ing parameters ω and ω↔ in terms of the distribution of their
activations, i.e.,

d”(ω, ω↔) = dP(U)(Uε, Uε→), (18)

where Uε = {uε,i}
n
i=1 and dP(U) is a distance over the

set of probability distributions over U . The MMD [15] and
Wasserstein distance [29] are of main interest to our appli-
cations, which are described in Section 2.3.

While computing the MMD or the Wasserstein distance
incurs an additional computational overhead, Equation 18
is computed on the level of mini-batches (e.g., 32 samples).
Since the complexity of these distances scales with the num-
ber of samples (i.e., O(n2) and O(n3) respectively), the
overall computational cost of dP(U) is negligible (c.f. Ap-
pendix A.4).

After the execution of Algorithm 1, we produce a set
of network parameter samples {{ω(c)k,T }

K
k=1}

C
c=1, which in-

cludes prompts and parameters of the coupling function. As
a result, we compute predictions based on the ensembling of
these samples, namely,

p(y|x) =
C∑

c=1

K∑

k=1

⇀c,kp(y|x, ω
(c)
k,T ),

where ⇀c,k is the importance of each ω(c)k,T . For simplicity,
we use uniform weighting ⇀c,k = (C · K)↑1. Running
inference on the C ·K models is embarrassingly paralleliz-
able (c.f. Appendix A.5) and adds a small computational
overhead.

4. Experiments
Overview. We assess the effectiveness of our proposed
approach across three distinct evaluation protocols: base-
to-novel class generalization, domain generalization, and
cross-dataset transfer. Following established protocols in
recent work on prompt learning [16, 21, 46, 47], all ex-
periments are conducted under a 16-shot learning scenario,
where we are provided with only 16 labeled training sam-
ples per category. We run experiments on ReBaPL-based
extensions of the MaPLe and MMRL methods for multi-
modal prompt learning. Full details on our experiments are
available in the supplementary material (Appendix A).

4.1. Base to Novel Generalization
In this protocol, the available classes within each dataset
are partitioned into two disjoint subsets: base categories
and novel categories. During training, the model has access
exclusively to labeled examples from the base categories.
Evaluation is then performed on both base and novel sub-
sets, enabling us to measure both the model’s adaptation
performance on seen classes and its capacity to preserve
zero-shot generalization on previously unseen classes. This
evaluation is carried out across 11 benchmark classification
datasets: ImageNet [8], Caltech101 [11], OxfordPets [32],
StanfordCars [24], Flowers102 [30], Food101 [2], FGV-
CAircraft [28], SUN397 [42], UCF101 [37], DTD [6], and
EuroSAT [18].

In Table 1 we present the performance of our method
in the base-to-novel generalization task. We compare our
method to the CLIP [34] baseline, and other methods in-
cluding CoOp [47], and CoCoOp [46], APP [5], Prompt-
SRC [22], MaPLe [21] and MMRL [16]. We re-run some
of the leading methods (PromptSRC, MaPLe, and MMRL)
to ensure a fair comparison and avoid inconsistent results
due to different hardware. While VaMP [4] is a method re-
lated to ours, its code is not publicly available, and thus we
do not include it our experiments. We demonstrate the ef-
fectiveness of our proposed ReBaPL approach by running it
as extensions of MaPLe and MMRL.

In comparison with MaPLe, our method consistently im-
proves performance on base classes, and in many cases
also novel classes. For some datasets (e.g., OxfordPets,
StanfordCars, and FGVCAircraft), MaPLe outperforms our
method by a small margin. Overall, we consistently im-
prove over MaPLe in terms of the harmonic mean of base
and novel accuracy, striking a balance in generalization.

Concerning MMRL, while we improve on both base and
novel classes, our gains are mostly on the novel classes.
This finding highlights our claim that our repulsive cycli-
cal SGHMC algorithm, and hence ReBaPL, improves gen-
eralization by exploring the posterior landscape more thor-
oughly. On average, our method improves MMRL on both
base and novel classes, with a larger margin on the novel
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Table 1. Base to novel generalization results. Overall, our ReBaPL method improves the base performance of both MaPLe and MMRL,
with a considerable increase on the FGVCAircraft and EuroSAT datasets. We used MMD for the MaPLe + ReBaPL method, and Wasser-
stein distance for the MMRL + ReBaPL method, which respectively performed best. An asterisk (*) denotes methods we re-ran using the
same random seeds and hardware. Delta values (!) show improvements from adding ReBaPL (green for positive, red for negative).

Method Average ImageNet Caltech101 OxfordPets
Base Novel HM Base Novel HM Base Novel HM Base Novel HM

CLIP [34] 69.34 74.22 71.70 72.43 68.14 70.22 96.84 94.00 95.40 91.17 97.26 94.12
CoOp [47] 82.69 63.22 70.83 76.47 67.88 71.92 98.00 89.81 93.73 93.67 95.29 94.47
CoCoOp [47] 80.47 71.69 75.83 75.98 70.43 73.10 97.96 93.81 95.84 95.20 97.69 96.43
APP [5] 83.0 65.8 72.61 69.9 63.2 66.4 95.2 91.0 93.0 96.8 88.3 92.4
PromptSRC* [22] 84.93 74.49 78.61 76.77 67.8 72.01 98.07 94.03 96.01 95.27 97.23 96.24
MaPLe* [21] 82.03 75.03 78.37 74.96 66.97 70.74 97.83 94.87 96.33 95.20 98.13 96.64
MaPLe* + ReBaPL 83.28 76.08 79.52 76.06 68.80 72.25 98.35 94.87 96.58 96.17 97.77 96.96

# +1.25 +1.05 +1.15 +1.10 +1.83 +1.51 +0.52 0.0 +0.25 +0.97 -0.36 +0.32
MMRL* [16] 85.54 76.52 80.59 77.55 67.43 72.14 98.93 94.60 96.72 95.27 97.23 96.24
MMRL* + ReBaPL 85.74 77.44 81.38 77.90 68.83 73.09 99.10 94.27 96.62 95.93 97.57 96.74

# +0.20 +0.92 +0.79 +0.35 +1.40 +0.95 +0.17 -0.33 -0.10 +0.66 +0.34 +0.50
Method StanfordCars Flowers102 Food101 FGVCAircraft

Base Novel HM Base Novel HM Base Novel HM Base Novel HM
CLIP [34] 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 [47] 78.12 60.40 68.13 97.60 59.67 74.06 88.33 82.26 85.19 40.44 22.30 28.75
CoCoOp [47] 70.49 73.59 72.01 94.87 71.75 81.71 90.70 91.29 90.99 33.41 23.71 27.74
APP [5] 85.9 69.5 76.8 96.8 61.0 74.8 84.6 86.1 85.4 44.9 26.0 33.0
PromptSRC* [22] 77.93 75.5 76.7 97.83 77.13 86.26 90.60 91.53 91.06 41.43 23.67 30.13
MaPLe* [21] 72.45 74.90 73.65 96.33 73.33 83.27 90.80 92.10 91.45 36.60 34.90 35.73
MaPLe* + ReBaPL 74.73 74.57 74.65 97.43 74.37 84.35 90.83 92.13 91.48 38.00 34.03 35.91

# +2.28 -0.33 +1.0 +1.10 +1.04 +1.08 +0.03 +0.03 +0.03 +1.4 -0.87 +0.18
MMRL* [16] 81.23 75.00 77.99 98.70 76.83 86.40 90.60 91.53 91.06 45.70 37.1 40.95
MMRL* + ReBaPL 81.20 75.37 78.17 98.80 77.23 86.70 90.73 91.60 91.16 45.13 38.57 41.59

# -0.03 +0.37 +0.18 +0.10 +0.40 +0.30 +0.13 +0.07 +0.10 -0.57 +1.47 +0.64
Method SUN397 DTD EuroSAT UCF101

Base Novel HM Base Novel HM Base Novel HM Base Novel HM
CLIP [34] 69.36 75.35 72.23 53.24 59.90 56.37 56.48 64.05 60.03 70.53 77.50 73.85
CoOp [47] 80.60 65.89 72.51 79.44 41.18 54.24 92.19 54.74 68.69 84.69 56.05 67.46
CoCoOp [47] 79.74 76.86 78.27 77.01 56.00 64.85 87.49 60.04 71.21 82.33 73.45 77.64
APP [5] 80.6 73.3 76.8 78.4 48.9 60.2 93.6 47.6 63.1 86.2 69.2 76.8
PromptSRC* [22] 92.93 74.17 80.53 83.33 61.3 70.64 92.93 74.17 82.5 87.10 78.53 82.6
MaPLe* [21] 81.07 77.90 79.45 81.30 57.50 67.36 92.47 77.03 84.05 83.97 77.70 80.71
MaPLe* + ReBaPL 81.83 79.87 80.84 82.50 61.60 70.53 95.30 79.20 86.51 84.97 79.73 82.27

# +0.76 +1.97 +1.39 +1.2 +4.10 +3.17 +2.83 +2.17 +2.46 +1.0 +2.03 +1.56
MMRL* [16] 83.23 79.27 81.20 85.63 65.13 73.99 95.80 77.20 85.50 88.30 79.70 83.78
MMRL* + ReBaPL 83.20 79.37 81.24 86.10 65.00 74.08 96.73 83.63 89.71 88.33 80.40 84.18

# -0.03 +0.10 +0.04 +0.47 -0.13 +0.09 +0.93 +6.43 +4.21 +0.03 +0.70 +0.40

classes. Overall the harmonic mean is also improved. Our
method has substantial gains on the EuroSAT and ImageNet
datasets, establishing a new state-of-the-art.

4.2. Cross-Dataset Transfer
To evaluate robustness under dataset shift, we adopt a
source-to-target transfer protocol. The model is first trained
on the complete set of 1000 ImageNet categories using the
16-shot setting, and evaluated on the remaining 10 datasets
without any additional fine-tuning. This setup allows us to
measure how well learned prompt adaptations transfer to
entirely different data distributions and visual domains.

We see from Table 2 that our ReBaPL-based models pro-
vide significant gains over the baseline MaPLe and MMRL
methods. Notably, our MMRL + ReBaPL approach pro-

vides the highest average accuracy of 67.62%, indicating
better generalization performance than competing methods.

4.3. Domain Generalization
To assess robustness against domain shift and out-of-
distribution scenarios, we train exclusively on ImageNet
and evaluate on four domain-shifted variants: Ima-
geNetV2 [35], ImageNet-Sketch [40], ImageNet-A [20],
and ImageNet-R [19].

We show in Table 3 that our ReBaPL methods improve
generalization on out-of-domain datasets, compared to the
underlying MLE-based prompt learning method. We also
see that our MaPLe + ReBaPL method provides the best
performance on the ImageNet-A target. Finally, we see that
our MMRL + ReBaPL method provides the highest accu-
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Table 2. Comparison of our ReBaPL method with previous state-of-the-art multi-modal prompt learning methods on cross-dataset evalu-
ation across 10 datasets. An asterisk (*) denotes methods we re-ran using the same random seeds and hardware. Delta values (!) show
improvements from adding ReBaPL (green for positive, red for negative).

Source Target

Im
ag

eN
et

Ca
lte

ch
10

1

Ox
fo

rd
Pe

ts

St
an

fo
rd

Ca
rs

Fl
ow

er
s1

01

Fo
od

10
1

FG
VC

Ai
rc

ra
ft

SU
N3

97

DT
D

Eu
ro

SA
T

UC
F1

01

Av
er

ag
e

PromptSRC* [22] 68.96 93.47 90.33 65.87 70.40 83.66 24.13 67.17 46.40 45.97 67.67 65.50
MaPLe* [21] 67.96 93.17 90.20 65.97 71.07 86.33 23.23 67.23 47.20 45.70 66.27 65.63

MaPLe + ReBaPL 68.66 93.80 90.73 66.30 72.57 86.40 24.37 67.70 47.17 50.90 67.87 66.77
# +0.70 +0.63 +0.53 +0.33 +1.50 +0.07 +1.14 +0.47 -0.03 +5.20 +1.60 +1.14

MMRL* [16] 70.13 94.30 91.0 66.20 71.53 86.20 26.07 67.50 46.93 49.83 69.13 66.87
MMRL + ReBaPL 71.0 94.60 91.97 66.63 72.57 86.43 26.33 67.90 47.27 52.97 69.50 67.62

# +0.87 +0.30 +0.97 +0.43 +1.04 +0.23 +0.26 +0.40 +0.34 +3.14 +0.37 +0.75

Source Target
Method ImageNet ImageNetV2 ImageNet-S ImageNet-A ImageNet-R

PromptSRC* [22] 68.96 62.50 48.60 49.63 75.77
MaPLe* [21] 67.96 61.57 47.70 48.80 75.33
MaPLe + ReBaPL 68.66 62.30 48.50 49.73 75.40
$ +0.70 +0.73 +0.80 +0.93 +0.07
MMRL* [16] 70.13 62.20 47.80 48.90 75.03
MMRL + ReBaPL 71.00 62.50 48.40 49.63 75.63
$ +0.87 +0.30 +0.60 +0.73 +0.60

Table 3. Comparison of robustness on out-of-distribution datasets.
Delta values (!) show improvements from adding ReBaPL (green
for positive, red for negative).

Table 4. Ablation on the use of repulsion in ReBaPL, averaged
over 11 datasets.

Method Base Novel HM

MaPLe 82.03 75.03 78.37
+ ReBaPL (No Repulsion) 83.39 75.47 78.93
+ ReBaPL (Wasserstein) 83.39 75.86 79.44
+ ReBaPL (MMD) 83.28 76.08 79.52

racy on the source ImageNet dataset. Taken together, these
results show that our ReBaPL approach is effective at im-
proving out-of-domain generalization performance without
hindering the performance on the source domain.

4.4. Ablation
We ablate a few design choices in our method. We com-
pare 3 main choices: ReBaPL without repulsion (i.e.,
F (ω, ω↔) := 0) vs. ReBaPL with repulsion based on the
Wasserstein distance and the MMD. This ablation seeks to
isolate the benefit of using repulsion, and demonstrate that
our method is robust to the choice of probability metric. We
evaluate our methods on all datasets listed in Table 1.

Overall, as shown in Table 4, our method has sta-
ble performance for both the Wasserstein distance and
MMD. The gap in harmonic mean between these choices
is 0.08%, which is marginal compared to the improvement

over MaPLe (around 1%). Furthermore, even without repul-
sion, our ReBaPL method improves over MaPLe, highlight-
ing the benefits of sampling from the posterior distribution.
By adding the repulsion term we improve performance for
novel classes. This finding supports our claim that adding
repulsion allows us to explore the posterior landscape more
thoroughly, and thus improve generalization.

5. Conclusion

In this paper we have introduced Repulsive Bayesian
Prompt Learning (ReBaPL), a novel approach that ad-
dresses overfitting and out-of-distribution generalization
challenges in prompt learning methods. Our key con-
tribution is the repulsive cyclical SGHMC (rcSGHMC)
algorithm, which leverages Hamiltonian dynamics with
cyclical learning rate schedules to alternate between
exploration and exploitation phases when sampling
from complex multimodal posterior distributions. By
introducing a representation-based repulsive force de-
rived from probability metrics (MMD and Wasserstein
distance) computed on representation distributions, our
method captures functional similarity between prompts
and encourages diverse mode discovery while preventing
premature convergence. Unlike prior Bayesian prompt
learning approaches that rely on restrictive unimodal
approximations or deterministic variational methods,
ReBaPL provides a modular, plug-and-play framework
that can extend any existing MLE-based prompt learning
method with principled Bayesian inference. Through
comprehensive experiments we have demonstrated superior
generalization by maintaining a richer characterization
of the prompt posterior landscape. Future work includes
exploring alternative probability metrics beyond MMD
and Wasserstein distance, such as Sinkhorn divergence
or information-theoretic measures, and developing adap-
tive cyclical mechanisms that automatically adjust the
number of cycles based on convergence diagnostics or
posterior diversity to improve efficiency and performance.
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