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Abstract

Black-box prompt tuning has become a prevalent parameter-
efficient paradigm that leverages the capabilities of large lan-
guage models (LLMs) for customized applications in specific
downstream tasks. In practical scenarios, downstream tasks
frequently involve data distributions that are heavily imbal-
anced. Such imbalances tend to impair performance, causing
severe performance collapse in minority classes. Conducting
effective imbalanced black-box prompt tuning to mitigate the
adverse effects of imbalanced data distribution on prompt
performance remains a significant challenge. In this paper,
we propose black-box prompt tuning with first and zeroth or-
der gradient (BPT-FZG) for handling the imbalanced data.
Specifically, BPT-FZG introduces AUC maximization as the
objective for prompt tuning and equivalently formulates it
as a nonconvex-concave saddle point problem to avoid the
construction of sample pairs from opposite classes. Indeed,
BPT-FZG optimizes the latent representation of the continu-
ous prompt in the low-dimensional subspace with AUC loss
and leverages the first and zeroth order gradients alternately
to update the parameters. Furthermore, we establish the the-
oretical convergence guarantee for BPT-FZG under common
assumptions, showing that our method can find a stationary
point of the objective function. Our experiments on RoBERTa-
large, GPT2-XL, and Llama3 show that BPT-FZG achieves
improvement on various imbalanced datasets, emphasizing the
effectiveness of our methods.

Code — https://github.com/ZHZ-JLU/zo-sppt

Introduction
Large language models (LLMs) have demonstrated impres-
sive performance across a wide range of downstream tasks
in the past few years (Devlin et al. 2018; Brown et al. 2020;
Lewis et al. 2020; Sun et al. 2021). These models are trained
on a massive text corpus to learn contextual relationships,
language structures, and other aspects of human knowledge,
demonstrating remarkable generalization in text understand-
ing and generation (Hadi et al. 2023). By leveraging this
acquired comprehensive language knowledge, LLMs can be
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tuned with specific knowledge about downstream tasks for
customized applications. Meanwhile, researchers have pro-
posed numerous methods for developing customized LLM
applications based on fine-tuning. However, these methods
are challenged by the increasing size of parameters and can
only be applied in the white-box setting where the model is
open-sourced (Yang et al. 2020; Varia et al. 2022; Iyer, Chen,
and Birch 2023).

Recently, most LLMs like ChatGPT-4, which have enor-
mous parameter sizes, offer only online API services. This
prevents users from directly accessing the model’s parame-
ters, resulting in an inevitable black-box setting. Therefore,
numerous studies have shifted towards black-box prompt
tuning, which is a parameter-efficient paradigm for adapting
LLMs to specific natural language processing (NLP) tasks
(Diao et al. 2022; Deng et al. 2022; Zhao, Wang, and Yang
2023). Moreover, this method is well-suited to the emerg-
ing Language-Model-as-a-Service (LMaaS) scenario, where
users are limited to interacting with LLMs solely through
APIs (Sun et al. 2022a,b).

Many NLP tasks inherently exhibit imbalance, with cer-
tain target categories occurring much more frequently than
others in real-world scenarios (Henning et al. 2022; Waseem
and Hovy 2016; Gao et al. 2021). Such imbalanced data
tends to cause LLMs to overfit the majority classes while
neglecting the minority classes due to the excessive number
of training samples for the former. Similarly, prompt tuning
in the presence of imbalanced data also encounters this issue
(Dong et al. 2022). For instance, cross-entropy loss is typi-
cally employed as the surrogate for classification error rate
in text classification downstream tasks. However, when the
data distribution is imbalanced, relying on cross-entropy loss
becomes inappropriate. It exacerbates the aforementioned
issues, leading to the performance collapse for the minority
classes (Liu et al. 2019a).

Some recent works in black-box prompt tuning have con-
centrated on identifying the optimal continuous prompts (Sun
et al. 2022b,a; Zheng et al. 2024). These methods use a low-
rank matrix to project the high-dimensional prompt space
into a low-dimensional subspace and optimize the latent rep-
resentation of the continuous prompt within that subspace.
This paves the way for the application of black-box opti-
mization algorithms. Moreover, these methods significantly
reduce computational costs, thereby narrowing the gap be-
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tween research and practical application.
However, the works above do not account for additional

handling of imbalanced data. These studies typically focus
solely on vanilla text classification with uniformly distributed
classes, ignoring the practical challenges posed by imbal-
anced data in real-world applications. Consequently, the per-
formance of these efforts in dealing with imbalanced data
remains unverified. On the other hand, current prompt tun-
ing frameworks predominantly emphasize empirical results
and often lack a comprehensive theoretical discussion. There-
fore, investigating an imbalanced black-box prompt tuning
method that is supported by theoretical guarantees represents
a valuable challenge.

To address this challenge, in this paper, we propose a novel
framework for black-box prompt tuning with first and zeroth
order gradient (BPT-FZG) to handle imbalanced data. We
introduce AUC (short for Area Under the ROC Curve) maxi-
mization as the optimization objective of continuous prompt
tuning (Hanley and McNeil 1982). To address the issue that
the AUC maximization objective function relies on pairwise
loss between instances from different classes, we equivalently
formulate it as a stochastic saddle point problem, whose ob-
jective function is pointwise (Ying, Wen, and Lyu 2016; Liu
et al. 2019a; Yuan et al. 2021b). Additionally, BPT-FZG lever-
ages the intrinsic dimensionality of LLMs to overcome the
challenge that the high dimensionality of continuous prompts
poses for black-box optimization. Specifically, our frame-
work builds on the previous insight that optimizes a latent
representation of the prompt in a subspace characterized
by LLM’s low intrinsic dimensionality (Sun et al. 2022b;
Zheng et al. 2024). Furthermore, given the specificity of
the objective function, BPT-FZG alternates between first-
order and zero-order gradients to update parameters, which
includes the latent representation of continuous prompt and
additional parameters introduced by the saddle point problem.
In essence, BPT-FZG utilizes the stochastic gradient descent
ascent (SGDA) algorithm to tackle the nonconvex-concave
minimax problem (Heusel et al. 2017). Through experiments
conducted across various tasks and models, we establish the
efficacy of our approach representing significant progress in
the practical use of LLMs.

Main Contributions
The main contributions of this work can be summarized as
follows:

• We propose a novel black-box prompt tuning framework
BPT-FZG for solving the challenge of prompt tuning in
downstream tasks with imbalanced data. Our framework
employs a formulation equivalent to AUC maximization
as the objective.

• We provide a theoretical analysis that demonstrates the
algorithm’s ability to find a stationary point. The theoreti-
cal results indicate that BPT-FZG, which fundamentally
employs the GDA algorithm with the first and zero-order
hybrid gradient, achieves a convergence rate similar to
that of its first-order counterpart.

• We extensively validate BPT-FZG on RoBERTa-large,
GPT2-XL, and Llama3. Experimental results from various

imbalanced downstream task datasets demonstrate that
BPT-FZG outperforms baseline methods.

Related Works
Black-box Prompt Tuning
In recent years, the exploration of black-box prompt tun-
ing for LLMs has attracted considerable attention, yielding
promising results in various NLP tasks (Deng et al. 2022;
Hou et al. 2023; Wen et al. 2024). (Sun et al. 2022b) sum-
marizes the characteristics of current LLM service applica-
tions as the LMaaS scenario and proposes the black-box
tuning (BBT) method to optimize a series of vectors called
the continuous prompt, which serves as a prefix to the in-
put text embeddings. This framework optimizes through a
derivative-free method and leverages low-dimensional sub-
space to address the curse of dimensionality. (Zheng et al.
2024) points out that the use of the random projection ma-
tric in the former is an inappropriate choice for subspace.
Therefore, they assume optimal prompts exist within a shared
subspace for similar tasks and propose black-box prompt
tuning with subspace learning (BSL) to identify the optimal
subspace. (Lin et al. 2023) integrates federated learning with
black-box prompt tuning to introduce a federated black-box
prompt tuning framework (Fed-BBPT). The aforementioned
works are continuous prompt optimization based on (Sun
et al. 2022b), while there is also a series of research focused
on discrete prompt learning. (Prasad et al. 2022) achieves
gradient-free instructional prompt search (GRIPS) through
prompt editing and beam search. (Zhao, Wang, and Yang
2023) treats each prompt as an individual and employs the
genetic algorithm for discrete prompt optimization. On the
other hand, (Diao et al. 2022) employs policy gradients to
optimize the distribution over the discrete prompt.

AUC Maximization
AUC maximization is a learning paradigm that trains the
model by maximizing the AUC score on a given dataset. It is
more suitable for imbalanced data compared to maximizing
accuracy (Yang and Ying 2022). Research on AUC maxi-
mization has a history of over 2 decades and has been applied
in various contexts and models, e.g., active learning (Han
and Zhao 2010), federated learning (Guo et al. 2020), linear
models (Gao et al. 2013), neural networks (Yan et al. 2003),
etc. This paper focuses on works related to formulating AUC
maximization as the equivalent saddle point problem. (Ying,
Wen, and Lyu 2016) is the first to demonstrate that AUC max-
imization for linear models can be equivalently formulated as
a saddle point problem when the surrogate loss is square loss,
addressing the issue of needing to store training samples in
the online setting. (Dan and Sahoo 2021) introduces proximal
SVRG based on the former to propose a variance-reduced
stochastic proximal algorithm for AUC maximization. (Liu
et al. 2019a) extends the aforementioned equivalence from
linear models to deep neural networks and establishes theo-
retical convergence. (Yuan et al. 2021b) improves the AUC
square loss to AUC margin loss and builds a similar equiv-
alence to solve the medical image classification problem.
(Yuan et al. 2021a) proposes a compositional training method
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for deep AUC maximization with a minimax objective to
tackle the challenge of end-to-end training. (Yang et al. 2021)
presents a theoretical framework for empirical risk minimiza-
tion, guided by the multiclass generalization of the AUC.
(Yang et al. 2022) first turns to optimize a variant of AUC
called Two-way Partial AUC and solves the difficulty of end-
to-end stochastic training. (Yang et al. 2023) points out the
shortcoming of AdAUC (Hou et al. 2022) and constructs an
adversarially robust AUC optimization method.

Methodology
Notations. Let D ≜ {(XXX1, y1), (XXX2, y2), . . . , (XXXM , yM )} de-
note a set of training data with cardinality M . For any m ∈
{1, 2, . . . ,M}, XXXm represents an input training example, i.e.
a sentence to be classified, and ym ∈ {−1, 1} denotes its cor-
responding label. By defining Xm is the embedding of XXXm,
we can denote D̃ ≜ {(X1, y1), (X2, y2), . . . , (XM , yM )}
as the set of tuples composed of embedding vectors and la-
bels. And we further denote X̃ ≜ {X1,X2, . . . ,XM} and
Ỹ ≜ {y1, y2, . . . , yM} as the set of the embedding vectors
and labels. We define the continuous prompt as T ∈ RD.
Let X ∈ X̃, then the user query to a black-box LLM h(·) is
denoted as h([T,X]), i.e. h([T,X]) denote the prediction of
the LLM h(·) on [T,X].

Breif Review of Black-box Prompt Tuning
Continuous prompt tuning is regarded as a more lightweight
approach for adapting LLMs to specific downstream tasks as
opposed to fine-tuning (Li and Liang 2021). Indeed, achiev-
ing competitive performance typically necessitates employ-
ing dozens of prompt tokens (Lester, Al-Rfou, and Constant
2021). Considering that each prompt token’s embedding di-
mension is in the thousands, the total parameter count for
optimization reaches tens of thousands, still far below the pa-
rameters required for fine-tuning. However, within the realm
of black-box optimization, this high-dimensional framework
will precipitate the "curse of dimensionality", rendering the
optimization process inefficient.

Fortunately, it has been revealed that LLMs possess a very
low intrinsic dimensionality (Aghajanyan, Zettlemoyer, and
Gupta 2020; Qin et al. 2021). This implies that the high-
dimensional prompt embedding has a latent low-dimensional
representation, meaning that black-box optimization can be
effectively performed in a low-dimensional subspace to cir-
cumvent the "curse of dimensionality". Therefore, rather than
optimizing continuous prompts in the original D-dimensional
space, optimizing the latent representations of these prompts
in a d-dimensional subspace is preferable (d ≪ D). By de-
noting the learnable low-dimensional latent representation as
z ∈ Rd, we can formulate the objective of black-box prompt
tuning as follows,

z∗ = argmin
z∈Rd

L
(
h
(
[Az+ p0, X̃]

)
, Ỹ

)
, (1)

where L(·) is the loss function, A ∈ RD×d is the random
projection matrix, p0 ∈ RD is initial prompt embedding.
This method employs derivative-free optimization techniques

to update the latent representation within a subspace and then
project it back to the original space through random matrix
A, aiming to offer a more computationally feasible paradigm
for tuning LLMs.

Imbalanced Black-box Prompt Tuning with AUC
Maximization
AUC Maximization. The AUC score is defined as the prob-
ability that the prediction score for a positive sample sur-
passes that of a negative sample. It is extensively utilized to
evaluate prediction performance on imbalanced datasets. We
propose employing AUC maximization for black-box contin-
uous prompt tuning to address the challenge posed by class
imbalance in prompt tuning. Building upon existing work on
AUC maximization, the definition of AUC within the above
prompt tuning framework is as follows,
AUC(z) = Pr (h ([z,X]) ≥ h ([z,X′]) |y = 1, y′ = −1)

= E[I (h ([z,X])− h ([z,X′]) ≥ 0) |y = 1, y′ = −1]
(2)

where we denote h ([z,X]) as the abbreviation for
h ([Az+ p0,X]). However, due to the discontinuity of the
indicator function I(·) in the Equation (2), which greatly
complicates the optimization, it is common to use a convex
surrogate loss function (e.g. square loss) as a replacement
(Gao et al. 2013). As a result, we can formulate the objective
of prompt tuning with AUC maximization on the imbalanced
dataset D̃ as follows,

min
z∈Rd

1

N+N−

∑
X∈D̃+

∑
X′∈D̃−

(
1− (h([z,X])− h([z,X′]))

)2
(3)

where D̃+, D̃− denote the set of positive and negative sam-
ples in D̃, with their cardinalities denoted as N+ and N−,
respectively.
Equivalent Saddle Point Problem. It can be observed that
the objective in Equation (3) is defined over pairs of training
samples from opposing classes, which significantly increases
the computational cost of each iteration compared to the
pointwise loss (Ying, Wen, and Lyu 2016). Additionally, the
necessity of constructing sample pairs makes it challenging
to extend this paradigm to the online learning scenario. In
this work, we introduce the stochastic saddle point problem
which is the equivalence of AUC maximization to avoid the
challenge of constructing sample pairs from opposite classes.
As the constrained AUC optimization problem defined in
(Yuan et al. 2021a), we can reframe the objective in Equation
(3) as the following non-convex min-max problem with non-
negative constraint A = {0 ≤ α ≤ αm} for relieving the
adverse effect when trained with easy data (Yuan et al. 2020),

min
z∈Rd,(a,b)∈R2

max
α∈A

{f(z, a, b, α) = Eξ[F (z, a, b, α; ξ)]}

(4)
where ξ = (X, y) ∈ D̃ is a random sample, and

F (z, a, b, α; ξ) = (1− p)(h([z,X])− a)2I[y=1]

+ p(h([z,X])− b)2I[y=−1] − p(1− p)α2 + 2α(p(1− p)

+ ph([z,X])I[y=−1] − (1− p)h([z,X])I[y=1])
(5)
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and p = Pr(y = 1).

Remark 1. The constraint set A is a convex and bounded
set with a diameter DA > 0.

For notational simplicity, let vector v be denoted as
[z, a, b] ∈ Rd+2 in the subsequent content. Conse-
quently, F (z, a, b, α; ξ) can be abbreviated as F (v, α; ξ), and
f(z, a, b, α) can be abbreviated as f(v, α).

Remark 2. F (v, α; ξ) is concave in α ∈ A for each ξ and
v. Furthermore, f(v, α) is concave in α ∈ A for each v.

Black-box Prompt Tuning with First and Zeroth-
Order Gradient
In this subsection, we introduce how to solve the problem (4)
with BPT-FZG. The problem (4) is a minimax optimization
problem, and a natural approach to solving it is stochastic
gradient descent ascent (SGDA), which is an extension of
stochastic gradient descent (SGD) for minimax problems. A
method for implementing SGDA in the black-box setting is
replacing the algorithm’s all first-order stochastic gradients
with zeroth-order gradient estimators. However, the situation
differs for solving the problem (4) in a black-box setting.

Given a black-box model h and the function F parame-
terized by [v, α] ∈ Rd+3. Since a, b, and α are parameters
of the function F , their first-order stochastic gradients can
be obtained through backpropagation, even though the h is
a black-box model. Therefore, we employ the zeroth-order
technique to estimate the gradient only for z. A random gra-
dient estimator with sample ξ is defined as follows,

∇̂zF (v, α; ξ) =
F (z+ µu; ξ)− F (z− µu; ξ)

2µ
u, (6)

where µ is a smoothing parameter, u ∈ Rd is distributed in
N (0, I) and F (z±µu, a, b, α; ξ) is denoted as F (z±µu; ξ).

BPT-FZG employs a hybrid of first-order and zeroth-order
gradients for optimization, where the first-order gradients
of a, b, and α can be obtained with minimal computational
cost. This approach ensures the feasibility of BPT-FZG in
the black-box setting while simultaneously enhancing the
stability and effectiveness of the optimization process. The
pseudocode and illustration of BPT-FZG are shown in Algo-
rithm 1 and Figure 1, respectively.

In each iteration of BPT-FZG, a mini-batch St with car-
dinality m is used to estimate the gradients. As previously
described, first-order mini-batch stochastic gradients are com-
puted for variables a, b, and α, while the zeroth-order gra-
dients for z are calculated using the average of (6). Then,
gradient descent is performed on the vector v and gradient
ascent is performed on the variable α, where PA denotes the
projection to the constraint set A.

Convergence
In this section, we provide theoretical convergence analysis
for BPT-FZG, which essentially involves applying hybrid
gradients to solve the nonconvex-concave minimax problem.
We first make the following basic assumptions in this section.

Algorithm 1: BPT-FZG

Input: Dataset D̃, Parameters v = [z, a, b], α, Prediction
model h, Step sizes ηv, ηα.
Initialize v0, α0 randomly.
for t = 1, . . . , T do

Draw samples St = {ξ1, . . . , ξm} from D̃.
for i = 1 to m do

Sample a random direction ui ∈ Rd from a Gaussian
distribution N (0, I).
Compute ∇̂zF (z, a, b, α; ξi) through (6).

end for
Compute ĝ

(t−1)
z = 1

m

∑m
i=1 ∇̂zF (v, α; ξi) and com-

pute g
(t−1)
a,b ,g

(t−1)
α by backpropagation.

Let ĝ(t−1)
v = [ĝ

(t−1)
z ,g

(t−1)
a,b ] and update vt = vt−1 −

ηvĝ
(t−1)
v .

Update αt = PA(αt−1 + ηαg
(t−1)
α ).

end for
Output: vτ , ατ with τ chosen uniformly at random from
1, . . . , T . (vT , αT in practice)

Assumption 1. The stochastic first-order oracle
∇vF (v, α; ξ) and ∇αF (v, α; ξ) satisfies

E[∇vF (v, α; ξ)−∇vf(v, α)] = 0

E[∇αF (v, α; ξ)−∇αf(v, α)] = 0

E[||∇vF (v, α; ξ)−∇vf(v, α)||2] ≤ σ2

E[||∇αF (v, α; ξ)−∇αf(v, α)||2] ≤ σ2

(7)

Assumption 2. F is ℓ-smooth and F (·, α; ξ) is L-Lipschitz
for each α ∈ A and ξ ∈ D̃.
Proposition 1. Under Assumption 2, f is ℓ-smooth and
f(·, α) is L-Lipschitz for each α ∈ A.

We define the function Φ(·) = maxα∈A f(·, α), and the
minimax problem (4) is equivalent to minv∈Rd+2 Φ(v). The
following structural lemma shows that Φ is ℓ-weakly convex
and L-Lipschitz.
Lemma 1. (Lemma 4.8 in (Lin, Jin, and Jordan 2020)) Under
the constraint set A is a convex and bounded set with a diam-
eter DA > 0, f(v, α) is concave in α ∈ A for each v, and
Assumption 2, Φ(·) is ℓ-weakly convex and L-Lipschitz with
∇vf(·, α∗(·)) ∈ ∂Φ(·) where α∗(·) ∈ argmaxα∈A f(·, α).

For the general nonconvex-concave minimax problem, the
function Φ is not necessarily differentiable. This introduces
the difficulty in the convergence analysis. To address this,
we introduce the following alternative concept for weakly
convex optimization proposed by (Davis and Drusvyatskiy
2019).
Definition 1. A function Φλ : Rm → R is the Moreau
envelope of Φ with a positive parameter λ > 0 if Φλ(v) =
minw Φ(w) + (1/2λ)||w − v||2 for each v ∈ Rm

Definition 2. A point v is an ϵ-stationary point of a ℓ-weakly
convex function Φ if ||∇Φ1/2ℓ(v)|| ≤ ϵ. If ϵ = 0, then v is a
stationary point.
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Figure 1: Overview of BPT-FZG. In each iteration, we first obtain the prompt T by multiplying the latent representation z with
the projection matrix A and adding the initial value p0. T is concatenated with a batch sampled from the imbalanced data and
fed into the LLM to obtain predictions. Then, we compute the objective function as shown in Equation 5. Finally, the zeroth-order
gradient of z can be obtained through Equation 6, while the gradients of a, b, and α are calculated via backpropagation.

Definition 2 presents an alternative characterization of
the stationary point, based on the Moreau envelope. The
following lemma reveals its connection to the stationary point
defined on the function Φ.
Lemma 2. (Lemma 3.8 in (Lin, Jin, and Jordan 2020)) If x is
a ϵ-stationary point of a weakly convex function Φ as defined
in Definition 2, there exists v̂ such that minζ∈∂Φ(v̂) ∥ζ∥ ≤ ϵ
and ∥v − v̂∥ ≤ ϵ/2ℓ.

The above lemma indicates that if a point is a ϵ-stationary
point as defined in Definition 2, then there must exist another
point near it with a subgradient whose norm is less than or
equal to ϵ. Therefore, convergence can be measured by the
expectation of the norm of the Moreau envelope of a weakly
convex function. Since Φ is ℓ-weakly convex (Lemma 1),
the stationarity in Definition 2 is the target of our proof. We
summarize the convergence result of BPT-FZG below.

Theorem 1. For Algorithm 1, let ∆̂Φ = E[Φ1/2ℓ(v0) −
minv Φ1/2ℓ(v)], ∆̂0 = E[Φ(v0)− f(v0, α0)], B1 denote as
the bound of E[∥ĝv∥], B2 denote as the bound of E[∥ĝv −
∇vf(v, α)∥2], B3 denote as the bound of E[∥ĝv∥2] and
ηα ≤ 1/2ℓ, the following statement holds true,

1

T + 1

T∑
t=0

E[||∇Φ1/2ℓ(vt)||2] ≤
4∆̂Φ

(ηv − c/ℓ)(T + 1)

+
8ηvℓ

ηv − c/ℓ
(ηvL(B + 1)B1 +

D2
A

2Bηα
+ ηασ

2)

+
8ηvℓ∆̂0

(ηv − c/ℓ)(T + 1)
+

4η2vℓB2

c(ηv − c/ℓ)
+

4η2vℓB3

ηv − c/ℓ

(8)

where B1 = (d + 1)L, B2 = 2(d+4)L2

m + µ2ℓ2(d+6)3

2m +
µ2ℓ2(d+3)3

4 + σ2

m , and B3 = (2d+ 9)L2 + µ2ℓ2(d+6)3

2 .
Corollary 1. Under the same assumptions of Theorem 1, run
Algorithm 1 with ηv = min{ ϵ2

64ℓB3
, ηαϵ4

65536ℓ2DA2LB1
}, ηα =

min{ 1
2ℓ ,

ϵ2

128ℓσ2 }, B = DA
2

√
1

ηvηαLB1
, µ = ϵ

2ℓ(d+3)
3
2
,m =

16 2(d+4)L2+µ2ℓ2(d+6)3+σ2

ϵ2 , T = min{ 32∆̂Φ

ηvϵ2
, 64ℓ∆̂0

ϵ2 }, then
the output of Algorithm 1 satisfies

1

T + 1

T∑
t=0

E[||∇Φ1/2ℓ(vt)||2] ≤ ϵ2 (9)

Remark 3. According to the corollary above, Algorithm 1 is
shown to converge.

Experiments
Setup
Datasets. For comparison, we evaluate the performance of
BPT-FZG and baselines in various imbalanced downstream
task datasets. We select 3 widely used datasets from GLUE
benchmark (Wang et al. 2018), CoLA (Warstadt, Singh, and
Bowman 2019), QQP, and MRPC (Dolan and Brockett 2005),
and downsample them at given imbalance ratios (majority
to minority class samples ratio) τ = 20, 50 to construct im-
balanced scenarios. In addition, we also provide results on
real-world imbalanced datasets Amazon books and electron-
ics reviews (McAuley et al. 2015). We downsample them at
the imbalance ratio τ = 10, which approximates that of the
original datasets.
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Imbalanced Ratio Method RoBERTa-large GPT2-XL Llama3

τ = 20

Manual Prompt .4740±.0982 .5613±.0419 .4744±.1648
BDPL .4402±.0472 .4919±.0285 .4583±.1014
GAP3 .4038±.0314 .4466±.0476 .3484±.0679
BBT .5370±.1431 .4326±.0537 .5289±.0149

BPT-FZG (ours) .5454±.0150 .5685±.0544 .5433±.1567

τ = 50

Manual Prompt .5108±.0267 .4823±.1198 .4184±.0805
BDPL .4639±.1048 .3888±.0676 .3590±.0204
GAP3 .3226±.1595 .4219±.1290 .4489±.0932
BBT .4398±.0794 .4498±.0422 .3808±.0351

BPT-FZG (ours) .5443±.2454 .5116±.0300 .5636±.1796

Table 1: Comparison of AUC scores (mean±std) on constructed imbalanced scenarios of CoLA with a prompt length of 20. The
best results are highlighted in bold.

Imbalanced Ratio Method RoBERTa-large GPT2-XL Llama3

τ = 20

Manual Prompt .4440±.1974 .4643±.0284 .5028±.1192
BDPL .3394±.1916 .4731±.0225 .3389±.1043
GAP3 .3764±.0811 .4963±.0453 .4153±.1368
BBT .5343±.1389 .4722±.1258 .4732±.0162

BPT-FZG (ours) .6125±.1287 .5954±.1142 .5505±.0883

τ = 50

Manual Prompt .3983±.2000 .4600±.1698 .5317±.0765
BDPL .2200±.0695 .4183±.2288 .4117±.2782
GAP3 .5517±.3187 .3633±.1855 .4317±.2616
BBT .4117±.2903 .4533±.2952 .4750±.0656

BPT-FZG (ours) .6067±.0957 .6150±.1817 .5667±.2141

Table 2: Comparison of AUC scores (mean±std) on constructed imbalanced scenarios of MRPC with a prompt length of 20.

Imbalanced Ratio Method RoBERTa-large GPT2-XL Llama3

τ = 20

Manual Prompt .4870±.0585 .5121±.0865 .5405±.0244
BDPL .4844±.0507 .4923±.0843 .4599±.0489
GAP3 .3767±.0437 .4995±.0054 .5436±.0074
BBT .5066±.0447 .5263±.0493 .4697±.0324

BPT-FZG (ours) .5631±.0581 .5546±.0563 .5669±.0104

τ = 50

Manual Prompt .5160±.0420 .5642±.0994 .5494±.0159
BDPL .4966±.0477 .5182±.1414 .5079±.0552
GAP3 .4668±.0219 .4876±.0609 .5437±.0344
BBT .5022±.0957 .5037±.0979 .4793±.0939

BPT-FZG (ours) .5974±.0178 .5922±.1117 .5495±.0507

Table 3: Comparison of AUC scores (mean±std) on constructed imbalanced scenarios of QQP with a prompt length of 20.

Baselines. We consider the following black-box prompt
tuning methods as our baselines: Manual Prompt directly
conducts the zero-shot evaluation on LLMs without learning.
BDPL formulates prompt learning as a distribution optimiza-
tion problem and optimizes it using the policy gradient.(Diao
et al. 2022). GAP3 leverages an auxiliary LLM to gener-
ate prompts from empty and employs a genetic algorithm
to select the optimal prompt. (Zhao, Wang, and Yang 2023).
BBT projects the original space to a subspace using a random
matrix and optimizes the prompt in the lower-dimensional
space, as previously described (Sun et al. 2022b).
Implementation. All experiments are conducted on a group
of NVIDIA A40 GPUs. We select RoBERTa-large (Liu et al.
2019b), GPT2-XL (Radford et al. 2019), Llama3 (AI@Meta
2024) as our backbone models, and all pre-trained model

weights are obtained from HuggingFace. We evaluate the
performance of BPT-FZG and baselines using AUC, which is
commonly used for measuring the classification performance
of imbalanced data (Ying, Wen, and Lyu 2016).

Results
In order to validate the effectiveness of BPT-FZG, we conduct
comparisons in various imbalanced downstream task datasets
against all baseline methods. Additionally, we compared BPT-
FZG with common techniques for handling imbalanced data,
further demonstrating the effectiveness of BPT-FZG in such
contexts.
Comparison on Constructed Imbalanced Scenarios. We
perform downsampling on the CoLA, MRPC, and QQP
datasets at different imbalanced ratios τ and report the av-
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Model Method Book Elec
len = 20 len = 50 len = 20 len = 50

RoBERTa
-large

Manual Prompt .8932±.0287 .8932±.0287 .8250±.0126 .8250±.0126
BDPL .9125±.0201 .9134±.0241 .9273±.0088 .9250±.0123
GAP3 .9031±.0397 .9031±.0397 .8709±.0334 .8709±.0334
BBT .9018±.0267 .8928±.0275 .8542±.0233 .8513±.0120

BPT-FZG (ours) .9185±.0232 .9147±.0161 .9317±.0098 .9270±.0157

Llama3

Manual Prompt .6310±.0578 .6310±.0578 .4422±.0603 .4422±.0603
BDPL .5870±.0710 .5981±.0744 .4646±.0555 .4683±.0827
GAP3 .5859±.0236 .5859±.0236 .4060±.0936 .4060±.0936
BBT .6007±.0191 .6059±.0638 .5375±.0946 .5518±.0755

BPT-FZG (ours) .6547±.0179 .7027±.1233 .5937±.0703 .6057±.0937

Table 4: Comparison of AUC values (mean±std) on real-world imbalanced datasets Amazon books and electronics based on
RoBERTa-large and Llama3. len represents the prompt length.

erage AUC scores across 3 random seeds in Table 1-3. The
experimental results in Table 1-3 demonstrate that BPT-FZG
exhibits a performance improvement compared to baselines.
The Manual Prompt serves as an initial point for perfor-
mance; However, in some instances, other baselines under-
perform relative to the Manual Prompt. For example, When
τ = 20, BDPL’s performance on MRPC with RoBERTa-
large is 0.1046 below that of the Manual Prompt, while BBT
decreases by 0.1287 compared to Manual Prompt in the re-
sult of CoLA with GPT2-XL. This observation indicates that
imbalanced data has a negative impact on prompt tuning in
some cases, while also validating that our method is capable
of handling imbalanced data.
Comparison on Real-world Imbalanced Datasets. The
real-world datasets are inherently imbalanced, with the real
imbalance ratios of the Book and Elec datasets being 9.75 and
7.11, respectively. For experimental convenience, we stan-
dardize these datasets to τ = 10 and perform downsampling.
Table 4 presents the average AUC scores across 3 random
seeds for each method on the Book and Elec datasets, with
prompt lengths set to 20 and 50. It is observed that GAP3
yields identical results when the prompt length is set to 20
and 50. This occurs because GAP3 generates the optimal
prompt from empty rather than optimizing a prompt of fixed
length. Under the API query limit, the length of the prompt
generated by GAP3 consistently remains below 20. This out-
come aligns with the characteristic of genetic algorithms in
black-box optimization, which typically requires a high num-
ber of queries. We observe similar experimental phenomena
on real-world datasets as seen in the above constructed im-
balanced scenarios: our method outperforms the baselines,
while the performance of methods like BBT falls below that
of the Manual Prompt in some cases.
Comparison with Techniques Handling Imbalanced Data.
For a fair comparison, we maintain the paradigm of optimiz-
ing the latent representation of the prompt within the sub-
space, formulating prompt tuning as an optimization problem
that minimizes the cross-entropy loss. The optimization algo-
rithm is replaced with SGD, which is the natural counterpart
of SGDA for minimization problems. We apply two common
techniques for handling imbalanced data—oversample and
reweight—to this minimization problem and compare the

Model Method Imbalanced Ratio
τ = 20 τ = 50

RoBERTa
-large

oversample .4270±.0706 .5036±.1623
reweight .5095±.0500 .4553±.0694
BPT-FZG .5454±.0150 .5443±.2454

GPT2-XL
oversample .5143±.0775 .4514±.0608

reweight .5376±.0730 .4610±.1323
BPT-FZG .5685±.0544 .5116±.0300

Llama3
oversample .5071±.0108 .4377±.0941

reweight .5118±.0749 .4738±.0788
BPT-FZG .5433±.1567 .5636±.1796

Table 5: Comparison of AUC scores (mean±std) with tech-
niques handling imbalanced data on CoLA with a prompt
length of 20.

results with those of BPT-FZG. We conduct experiments on
3 backbone models using the same experimental setup. As
shown in Table 5, BPT-FZG demonstrates superior perfor-
mance compared to both oversample and reweight techniques
on CoLA. This observation demonstrates that our method can
handle imbalanced data more effectively than these common
techniques.

Conclusion
In this paper, we propose a novel imbalanced black-box
prompt tuning framework BPT-FZG to handle the imbalanced
data in specific downstream tasks. BPT-FZG employs a sad-
dle point problem formulation equivalent to AUC maximiza-
tion as its objective to address the difficulty of constructing
opposing sample pairs and utilizes both first and zero-order
gradients within the GDA algorithm to optimize the latent
representation of the continuous prompt in a low-dimensional
subspace. The application of hybrid gradient takes both stabil-
ity and feasibility into account. Furthermore, we provide the
theoretical convergence guarantee for BPT-FZG, which essen-
tially represents a nonconvex-concave minimax optimization.
The analysis result indicates that BPT-FZG is capable of
convergence, and experimental results demonstrate that our
method outperforms baselines on imbalanced datasets.
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