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Abstract

Black-box tuning is an emerging paradigm for adapting large
language models (LLMs) to better achieve desired behav-
iors, particularly when direct access to model parameters
is unavailable. Current strategies, however, often present a
dilemma of suboptimal extremes: either separately train a
small proxy model and then use it to shift the predictions
of the foundation model, offering notable efficiency but of-
ten yielding limited improvement; or making API calls in
each tuning iteration to the foundation model, which entails
prohibitive computational costs. In this paper, we argue that
a more reasonable way for black-box tuning is to train the
proxy model with limited API calls. The underlying intu-
ition is based on two key observations: first, the training sam-
ples may exhibit correlations and redundancies, suggesting
that the foundation model’s predictions can be estimated from
previous calls; second, foundation models frequently demon-
strate low accuracy on downstream tasks. Therefore, we pro-
pose a novel advanced black-box tuning method for LLMs
with limited API calls. Our core strategy involves training
a Gaussian Process (GP) surrogate model with “LogitMap
Pairs” derived from querying the foundation model on a min-
imal but highly informative training subset. This surrogate
can approximate the outputs of the foundation model to guide
the training of the proxy model, thereby effectively reducing
the need for direct queries to the foundation model. Exten-
sive experiments verify that our approach elevates pre-trained
language model accuracy from 55.92% to 86.85%, reducing
the frequency of API queries to merely 1.38%. This signif-
icantly outperforms offline approaches that operate entirely
without API access. Notably, our method also achieves com-
parable or superior accuracy to query-intensive approaches,
while significantly reducing API costs. This offers a robust
and high-efficiency paradigm for language model adaptation.

Code — https://github.com/kurumi8686/EfficientBBT

Introduction
Large Language Models (LLMs) have demonstrated re-
markable capabilities in recent years. Adapting them to
specific downstream tasks or aligning them with desired
behaviors is essential for unlocking their full potential in
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real-world applications. Gradient-based methods, such as
Adapter modules (Houlsby et al. 2019) and LoRA (Hu et al.
2022), are widely recognized as standard parameter-efficient
fine-tuning techniques for LLMs. These methods adapt the
pre-trained model to new tasks by tuning only a small sub-
set of the model’s parameters, and they have consistently
achieved promising results in the literature. However, these
methods require full access to model parameters, which is
not feasible for many state-of-the-art LLMs, such as GPT-4
(Achiam et al. 2023) and Gemini (Team et al. 2023).

Black-box tuning is an emerging paradigm for adapt-
ing LLMs without direct parameter access. However, cur-
rent strategies often involve a challenging trade-off. Specif-
ically, offline methods (Liu et al. 2024) train a smaller
proxy model independently and use it to adjust the black-
box model’s outputs during inference. While these meth-
ods are efficient, their performance is limited because the
proxy model does not have direct access to the foundation
model’s internal knowledge during training. In contrast, on-
line methods, such as Consistent Proxy Tuning (CPT) (He
et al. 2024), integrate the black-box model into the proxy’s
training loop via iterative API calls. This approach improves
alignment and performance but incurs significant computa-
tional and monetary costs. Consequently, practitioners face
a dilemma: either sacrifice performance for efficiency or ac-
cept substantial costs for better adaptation.

In this paper, we argue that a more reasonable and
resource-efficient way for black-box tuning is to train a
proxy model with a strictly limited budget of these costly
API calls. The underlying intuition for this approach is
rooted in two key observations. Firstly, the training sam-
ples may exhibit inherent correlations and redundancies.
This suggests that the foundation model’s predictions for
new, unseen inputs can often be effectively estimated or in-
ferred from its responses to a smaller subset of previous
calls. Secondly, even powerful foundation models do not al-
ways achieve perfect accuracy across all instances within the
training data. Consequently, we posit that a well-informed
approximation, rather than exhaustive querying of the foun-
dation model, can still provide effective and comparable su-
pervision for training a high-performing proxy model.

Therefore, we propose a novel advanced black-box tuning
method specifically designed for LLMs operating under the
limited API calls. Our core strategy involves leveraging a
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Figure 1: Overview of our proposed algorithmic framework. Training Phase 1: GP Surrogate Model Training. A Gaussian
Process model Mgp is trained on a filtered subset of data to approximate the mapping between input embeddings and the
output logits of the large black-box modelMl. Training Phase 2: GP-based Proxy Tuning. The trainedMgp guides the fine-
tuning of a small white-box proxy modelM+

s , effectively incorporate knowledge fromMl intoM+
s via standard supervised

training. Inference Phase. The final predictions are obtained by combining the outputs from the tuned proxy modelM+
s with

an ensemble of the original proxy modelM−
s and the large black-box modelMl.

Gaussian Process (GP) surrogate (Williams and Rasmussen
2006) to approximate the outputs of the foundation model to
guide the training of the proxy model. As illustrated in Fig-
ure 1, the central idea is to train this GP surrogate on a small
yet highly informative subset of the training data. We refer
to these data points as “LogitMap Pairs”, which consist of
input embeddings and their corresponding output logits ob-
tained from the foundation model. Once trained, the GP ap-
proximates the foundation’s predictive behavior, thereby en-
abling logit-level supervision for the proxy model and highly
reducing expensive black-box queries.

GPs, as non-parametric Bayesian models, are exception-
ally well-suited for approximating complex functions and
have been shown to emulate deep neural networks under cer-
tain conditions (Damianou and Lawrence 2013; Lee et al.
2017). A crucial advantage of GPs is their probabilistic na-
ture, which allows for robust uncertainty estimation. This
capability can help quantify the reliability of the surrogate’s
predictions and further inform strategic training decisions
for the proxy model. We leverage this property to enhance
the proxy model training process. Specifically, when the
GP surrogate yields a prediction with high associated un-
certainty (e.g., a large variance τ2 exceeding a pre-defined
threshold θ), we deem its prediction potentially unreliable.
In such instances, our method falls back on invoking the
black-box target model to obtain the true output. This adap-
tive mechanism ensures that primarily high-confidence sur-
rogate predictions are utilized for training, thereby reducing
the propagation of noise and improving the overall robust-
ness and capabilities of the proxy model.

Extensive experiments across multiple NLP benchmarks
demonstrate the effectiveness and scalability of our ap-
proach. It boosts the average accuracy of pre-trained lan-
guage models from 55.92% to 86.85%, while reducing
API query usage to just 1.38% of that required by query-
intensive methods such as CPT (He et al. 2024). Remark-
ably, despite this drastic reduction, our method achieves
comparable or superior accuracy to these online methods,
and significantly outperforms fully offline baselines. This
highlights our approach as a robust and highly efficient
paradigm for adapting LLMs in black-box settings.

Our contributions can be summarized as follows:
1. We propose a novel black-box tuning method that em-

ploys a GP surrogate to approximate foundation model
outputs, enabling efficient proxy training with minimal
API queries. As far as we have studied, our method im-
proves from 55.92% to 86.85%, achieving state-of-the-
art results and demonstrating its superior effectiveness.

2. We propose an effective data selection method for GP
model training, requiring only 1.38% training data.

3. Extensive experiments show that our method drasti-
cally reduces API usage compared to previous online
approaches, while achieving better performance. This
demonstrates a practical and cost-efficient paradigm for
black-box tuning in real-world scenarios.

Related Works
Efficient Fine-tuning. The substantial cost of fully fine-
tuning large models (Roziere et al. 2023; Groeneveld et al.
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2024) has driven the development of parametric-efficient
fine-tuning (PEFT) techniques (He et al. 2021; Lialin, Desh-
pande, and Rumshisky 2023). PEFT methods adapt mod-
els by modifying only a small parameter subset, aiming
to preserve pre-trained knowledge while reducing resource
demands. Common strategies involve inserting lightweight
modules (e.g., Adapters (Houlsby et al. 2019), Compacter
(Karimi Mahabadi, Henderson, and Ruder 2021)), optimiz-
ing continuous prompts or prefixes (e.g., Prompt Tuning
(Lester, Al-Rfou, and Constant 2021), Prefix Tuning (Li and
Liang 2021), P-Tuning v2 (Liu et al. 2021b)), or adjust-
ing internal model parameters through approaches like low-
rank updates (LoRA (Hu et al. 2022), QLoRA (Dettmers
et al. 2023)), selective tuning (e.g., BitFit (Zaken, Ravfogel,
and Goldberg 2021)), or learned activation scaling ((IA)3

(Liu et al. 2022)). Despite their resource efficiency, these
approaches typically require internal model access (weights
and gradients), restricting their use in black-box scenarios.

Black-box Fine-tuning. Adapting LLMs without param-
eter access (i.e., in black-box settings) requires special-
ized fine-tuning techniques. Gradient-free optimization of-
fers one approach, exemplified by Black-Box Tuning (BBT)
(Sun et al. 2022), which optimizes input prompts by evalu-
ating model outputs without gradient information. A domi-
nant alternative involves employing smaller auxiliary mod-
els. Proxy-based methods, such as Proxy Tuning (PT) (Liu
et al. 2024) and Consistent Proxy Tuning (CPT) (He et al.
2024), train an accessible white-box proxy and transfer task-
specific knowledge by using differential signals from the
proxy to guide the black-box model at inference. Other
strategies train surrogate models to post-process or align the
black-box outputs directly, using methods like sequence-to-
sequence aligners (Ji et al. 2024) or adapting output prob-
abilities (Ormazabal, Artetxe, and Agirre 2023; Lu et al.
2023). A key challenge across many methods relying on
auxiliary models, especially CPT, is the potentially high cost
associated with frequent API queries to the black-box LLM
needed for training the auxiliary component.

Logit Arithmetic. Involving techniques that directly ma-
nipulate pre-softmax logits, often by aggregating signals
from multiple sources or model states, is essentially an ap-
plication of ensemble learning principles (Dong et al. 2020).
For example, logit manipulation facilitates domain adapta-
tion through ensembling logits from distinct models (Dou
et al. 2019). In controllable generation, approaches include
subtracting anti-expert logits (DExperts (Liu et al. 2021a))
and contrasting expert versus amateur model logits (CD (Li
et al. 2022)). More recently, the principle has been extended
to intra-model comparisons, where different layers are con-
trasted to enhance factuality (DoLa (Chuang et al. 2023)) or
guide decoding via auto-contrastive objectives (Gera et al.
2023). The effectiveness and flexibility of logit ensembling
motivate our exploration of logit-based adjustments as an ef-
ficient mechanism for black-box tuning.

Gaussian Process Models. Gaussian Processes (GPs) are
non-parametric Bayesian methods well-suited for modeling
complex functions and quantifying uncertainty (Williams

and Rasmussen 2006). Key advances include sophisticated
covariance functions, such as additive kernels for inter-
pretable decomposition (Durrande, Ginsbourger, and Rous-
tant 2011) and multiple kernel learning for integrating di-
verse properties (Gönen and Alpaydın 2011). GPs have
also been integrated into more complex probabilistic frame-
works to capture complex data structures. Notable exam-
ples include Warped GPs (Snelson, Ghahramani, and Ras-
mussen 2003), which transform the output space to model
non-Gaussian likelihoods, and Gaussian Process Regression
Networks (Wilson, Knowles, and Ghahramani 2011), which
compose multiple GPs into deeper hierarchical models.
The broad applicability of GPs across various natural lan-
guage processing (NLP) tasks (Cohn, Preoţiuc-Pietro, and
Lawrence 2014) further highlights their versatility. These
advancements demonstrate the flexibility and modeling ca-
pabilities of Gaussian Processes, motivating our adoption of
GP-based models as efficient surrogates.

Methodology
This section outlines our GP-based approach for efficient
black-box tuning of large language models. Central to our
method is a GP surrogate that approximates target models
behavior, enabling high-quality adaptation with significantly
fewer direct queries. We first provide a brief overview of ex-
isting proxy-based approaches, followed by a comprehen-
sive and detailed description of our advanced framework,
highlighting its key innovations and practical benefits.

Basics on Existing Proxy-based Methods
Proxy-Tuning Proxy-Tuning (PT) (Liu et al. 2024) adapts
pre-trained LLMs at decoding time without access to their
internal parameters, ideal for black-box or computationally
constrained scenarios. It employs a small white-box proxy
model, with a tuned version M+

s and an untuned version
M−

s . PT adjusts the logits of the large black-box modelMl

by adding the logit difference from the small proxy models:

spt(x) = sMl
(x) +

(
sM+

s
(x)− sM−

s
(x)

)
, (1)

where sM(x) are logits from model M. Originally, M+
s

(parameters θ+s ) is trained independently on a task-specific
dataset D = {(x, y)} to minimize a loss L:

θ+s = argmin
θ+
s

E(x,y)∼D

[
L(M+

s (x; θ
+
s ), y)

]
, (2)

this independent training ofM+
s , however, overlooks its in-

teraction with Ml and M−
s during inference, potentially

limiting performance.

Consistent Proxy Tuning Consistent Proxy Tuning
(CPT) (He et al. 2024) refines PT by aligning the training
objective of the small proxy modelM+

s with its actual us-
age during inference. This consistency is achieved by incor-
porating the influence ofMl andM−

s into the training loss
forM+

s . The training objective of CPT is:

θ+s = argmin
θ+
s

E(x,y)∼D

[
L
(
M+

s (x; θ
+
s )

+ αtrain
(
Ml(x; θl)−M−

s (x; θ
−
s )

)
, y
)]

.

(3)
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During this training, parameters θl ofMl and θ−s ofM−
s

are frozen, only θ+s are fine-tuned. While CPT demonstrates
improved performance due to this consistent objective, a
significant practical drawback arises: optimizing M+

s via
Equation 3 necessitates frequent queries to the large black-
box model Ml, incurring substantial computational costs
and API call limitations.

Proposed Method
To mitigate the high API call dependency of CPT, we intro-
duce a GP model as a data-efficient surrogate for the large
black-box modelMl. The core idea is to pre-train a GP to
approximate the logit outputs of Ml on the task-specific
dataset D, and then use this GP surrogate during the CPT
training of the small proxy modelM+

s .

Gaussian Process Modeling ofMl Logits GPs are non-
parametric Bayesian models adept at function approxima-
tion from limited data. Formally, a GP defines a prior distri-
bution over f(x) ∼ GP(m(x), k(x, x′)), where m(x) is the
mean function and k(x, x′) is the kernel function. The kernel
encodes prior beliefs about the function’s properties, such
as smoothness, by defining the covariance between function
values at different input points x and x′.

Given a training dataset D′ = {(xj , sj)}Mj=1, where sj =

sMl
(xj) ∈ RV are the observed target black-box model out-

put logits, the GP conditions on this data to form a poste-
rior distribution. For a new input x∗, the predictive distri-
bution for the logits sMl

(x∗) is also Gaussian. A common
and effective strategy for handling such multi-dimensional
outputs, which we adopt in our implementation, is to model
each of the V logit dimensions independently. This indepen-
dent modeling assumption simplifies computation and often
yields strong empirical results.

The predictive mean for the v-th logit dimension,
ŝGP,v(x∗), which serves as our approximation sGP,v(x∗),
is given by formula 2.25 and 2.27 in page 17 of (Williams
and Rasmussen 2006):

ŝGP,v(x∗) = k(x∗, XD′)T (KD′D′ + σ2
n,vI)

−1sD′,v, (4)

where the terms are defined as follows:
• XD′ = {xj}Mj=1 represents the set of M training data.

• k(x∗, XD′) is a vector in RM denoting the covariances
between the new input x∗ and each training input xj ∈
XD′ , with its j-th element being k(x∗, xj).

• KD′D′ is the M × M covariance matrix computed
from the training inputs, where each entry (KD′D′)ij =
k(xi, xj) is the kernel evaluation between xi, xj ∈ XD′ .

• σ2
n,v is the noise variance hyperparameter for the v-

th logit dimension, accounting for potential observation
noise or model misspecification.

• I is the M ×M identity matrix.
• sD′,v is a vector in RM containing the observed values

of the v-th logit dimension from the training set D′.
This framework, by applying independent GPs to each logit
dimension, allows us to construct a composite multi-output
GP model to predict the full logit vector sMl

(x).

Algorithm 1: Algorithm for GP Training Set Construction

Require: Dataset D; proxy modelM−
s ; foundation model

Ml; thresholds τin, τout
Ensure: GP training set D′

1: Initialize Dcand=∅, D′=∅
2: For all x ∈ D, compute vx = embedding(x) as input,

compute sx =M−
s (x) as output

3: if D ̸= ∅ then
4: Seed Dcand with (x1, sx1)
5: end if
6: for each x ∈ D \ {x1} do
7: diverse← true
8: for each (xk, sk) ∈ Dcand do
9: if ∥vx − vxk

∥ ≤ τin ∨∥sx − sk∥ ≤ τout then
10: diverse← false; break
11: end if
12: end for
13: if diverse then
14: Add (x, sx) to Dcand

15: end if
16: end for
17: for each (x, sx) ∈ Dcand do
18: QueryMl for s′x; add (x, s′x) to D′

19: end for
20: return D′

Data Acquisition for GP via Selective Sampling A crit-
ical aspect is to train the GP effectively with minimal
queries to Ml. Instead of querying Ml for all x ∈ D,
we construct a small but highly informative subset D′ =
{(xj , sMl

(xj))}Mj=1, where M ≪ |D| (Typically, D′ is ap-
proximately 1% the size of D). Then, D′ is used by a filter-
ing algorithm (detailed in Algorithm 1) that aims to maxi-
mize diversity and representativeness.

This filtering process primarily uses the input vector rep-
resentations vx and the output logits from the frozen small
modelM−

s . This ensures that the selection process itself is
computationally inexpensive. Only once an input x is se-
lected through this filtering, do we query the black-box large
model Ml to obtain its true output logits sMl

(x). These
(x, sMl

(x)) then constitute the training set D′ (i.e., Log-
itMap Pairs) for our GP modelMgp.

As part of this filtering strategy, we experimented with
several rule-based approaches to quantify the difference.
Specifically, we evaluated Manhattan distance, Euclidean
distance, and cosine similarity. Our results indicate that all
three metrics can perform comparably, assuming appropri-
ate input-output thresholds are set. Among them, Euclidean
distance emerged as the most effective and computationally
simple choice, and is therefore adopted in our final approach.

The Euclidean distances used for filtering are:

• Input distance: dinput(x, x
′) = ∥vx − vx′∥2.

• Output distance: doutput(x, x
′) = ∥sM−

s
(x)−sM−

s
(x′)∥2.

If two data points have highly similar input representa-
tions and their outputs (as predicted by the inexpensive small
proxy model) are also similar, they likely provide redundant
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information. By filtering based on these metrics, we ensure
D′ is small yet rich in information, capturing diverse aspects
of the input space and the proxy’s initial assessment of out-
put variations. This curated selection allows the GP to gen-
eralize effectively from fewer actualMl queries.

GP-Enhanced Proxy Training With the trained GP
modelMgp providing approximation for the outputs of the
large foundation model Ml, we introduce an uncertainty-
aware training objective for the small proxy modelM+

s . The
objective is defined as:

θ+s = argmin
θ+
s

E(x,y)∼D

[
L
(
M+

s (x; θ
+
s )

+ αtrain
(
Sgate(x)−M−

s (x; θ
−
s )

)
, y

)]
,

(5)

where the gated supervision Sgate(x) is determined by:

Sgate(x) =Mgp(x; θgp) · 1τ2
Mgp

(x)≤θ

+Ml(x; θl) · 1τ2
Mgp

(x)>θ,
(6)

where, τ2Mgp
(x) is the predictive variance of the GP model

Mgp(x; θgp) for input x, and θ is the pre-defined variance
threshold. The term 1 denotes the indicator function, where
1condition is 1 if the condition is true, and 0 otherwise.

During training, the parameters of the GP surrogate
Mgp(·; θgp) and the untuned proxy model M−

s (·; θ−s ) are
kept frozen, while only the trainable proxy M+

s (·; θ+s ) is
fine-tuned. To ensure robust supervision, we introduce a gat-
ing mechanism based on the GP’s predictive uncertainty. For
each input x, if the GP variance τ2Mgp

(x) ≤ θ, its prediction
is used as the guidance signal Sgate(x); otherwise, we query
the target black-box modelMl(x) to obtain a reliable label.

Inference At inference time, our procedure closely fol-
lows that of PT / CPT. The adjusted logits for a new input x
are computed as:

sfinal(x) = sM+
s
(x) + αtest

(
sMl

(x)− sM−
s
(x)

)
, (7)

where sMl
(x) denotes the output of the target black-box

model. Typically, we set αtest = αtrain. The final prediction is
then obtained by applying the softmax function to sfinal(x).

Experiments
Experimental Setup
Models Selection. To balance efficiency and reliability,
we select models from Llama2 (Touvron et al. 2023),
Mistral-7B (Jiang et al. 2023), Qwen3 (Yang et al. 2025)
and DeepSeek-R1-Distill (DeepSeek-AI et al. 2025) fami-
lies. For each series, we use a small model as the proxy and
a larger one as the target. While the selected large models
are technically white-box, we treat them as black-box dur-
ing validation to simulate realistic constraints. We also di-
rectly fine-tune them to obtain an oracle upper bound, which
serves as a reference for evaluating our method’s effective-
ness. For evaluations involving truly inaccessible black-box
models, please refer to Appendix, where we conduct exper-
iments under genuine black-box conditions.

Datasets Selection. We conducted experiments across di-
verse NLP datasets to showcase the versatility of our
method. Our approach was evaluated on three major tasks:
(a). Text Classification: We use AG-News (Zhang, Zhao, and
LeCun 2015), CoLA (Warstadt, Singh, and Bowman 2019),
SST-2 (Stanford Sentiment Treebank) (Socher et al. 2013),
and QQP (Quora Question Pairs) (Shankar and Nikhil 2017).
(b). Question Answering: We include ARC-C (AI2 Rea-
soning Challenge - Challenge Set) (Clark et al. 2018), Cs-
QA (CommonsenseQA) (Talmor et al. 2018), and OB-QA
(OpenBookQA) (Mihaylov et al. 2018). (c). Natural Lan-
guage Inference: We consider MNLI (Multi-Genre Natu-
ral Language Inference) (Williams, Nangia, and Bowman
2017), QNLI (Question Natural Language Inference) (Ra-
jpurkar, Jia, and Liang 2018), RTE (Recognizing Textual
Entailment) (Dagan, Glickman, and Magnini 2005), and
CoPA (Choice of Plausible Alternatives) (Roemmele, Be-
jan, and Gordon 2011). These datasets are widely used
and well-established benchmarks, covering diverse linguis-
tic phenomena and evaluation challenges.

Baselines. We compare our method against several rep-
resentative baselines to demonstrate its effectiveness: (a).
Zero-shot Inference: We evaluate the pretrained LLMs with-
out any tuning, by directly applying them to the test sets.
This provides a baseline for all tuning methods. (b). Di-
rect Fine-tuning: We apply both LoRA (Hu et al. 2022)
and full-precise fine-tuning on the LLMs. They provide
upper-bound references to demonstrate the performance of
our approach. (c). Proxy-Tuning and CPT: We compare our
method with leading black-box tuning approaches, includ-
ing Proxy-Tuning (Liu et al. 2024) and CPT (He et al. 2024),
demonstrating that our approach achieves superior perfor-
mance while requiring substantially fewer API calls.

Empirical Data Selection. As shown in Table 2, we em-
pirically determined the data proportions for our two strate-
gies. For the random strategy, we iteratively adjusted the
sampling ratio until the resulting accuracy matched that of
CPT. For the filter strategy, we tuned the input and output
thresholds, and repeatedly applied Algorithm 1 to construct
LogitMap Pairs, aiming to strike a balance between effi-
ciency and performance. Based on extensive evaluation, we
make the following recommendations:

• Random-based: For datasets fewer than 100K samples,
5% random sampling performs well. For larger datasets,
sampling 5K examples is sufficient.

• Filter-based: For most datasets, selecting around 1% of
the data via our filtering algorithm is sufficient. However,
for extremely large datasets such as MNLI and QQP,
which contain nearly 400K samples, fitting a GP on a
proportional subset becomes computationally infeasible
and may lead to numerical instability (e.g., NaN output).
To address this, we recommend sampling approximately
2K examples, which balances efficiency and accuracy.

Compared to tuning the small proxy model, the phase of
constructing LogitMap Pairs and Training Gaussian Process
model is significantly more efficient in both time and mem-
ory. Detailed results are provided in Appendix.

34083



Method
Accuracy (%) ↑

Avg.API ↓

AG-News CoLA CoPA SST-2 ARC-C Cs-QA OB-QA MNLI QNLI RTE QQP Avg.

Qwen3 Series

Pretrain (8B) 85.86 83.22 93.60 92.09 86.62 78.13 83.20 84.20 85.54 85.56 83.38 85.58 -

Pretrain (14B) 83.78 84.85 96.40 88.42 88.96 80.51 85.60 81.03 82.67 83.39 77.86 84.86 -

LoRA-Tune (8B) 90.21 84.28 96.20 95.87 90.30 80.02 88.40 89.56 88.96 81.23 90.34 88.67 -

LoRA-Tune (14B) 88.67 81.50 94.00 95.41 91.30 81.57 90.20 90.51 92.88 89.17 90.97 89.65 -

Full Fine-tune (8B) 92.57 84.95 97.40 96.33 91.30 82.72 90.00 90.59 93.61 87.73 91.72 90.81 -

Full Fine-tune (14B) 93.46 87.25 98.40 97.59 93.31 87.22 90.20 91.20 94.62 91.70 93.21 92.56 -

Proxy Model Black-Box Tuning Methods

Proxy-Tune 82.07 69.32 86.20 90.60 88.96 77.56 86.20 88.16 88.19 82.31 84.75 84.03 0%

CPT 93.54 86.29 98.20 95.87 93.31 85.01 90.40 90.06 93.78 90.61 92.28 91.76 100%

GP-random (ours) 92.18 85.71 98.60 95.18 91.97 85.01 89.20 91.01 92.99 90.97 91.25 91.28 6.94%

GP-filter (ours) 93.22 86.77 98.80 96.10 92.31 86.49 90.80 91.05 93.57 92.06 91.93 92.10 1.58%

Table 1: Experimental results comparing our GP tuning with other approaches, including white-box LoRA and black-box
proxy tuning methods, across 11 datasets. Our techniques are denoted by GP-random and GP-filter. We use Qwen3-8B as
a small white-box proxy model and Qwen3-14B as the black-box foundation model. “Pretrain” refers to zero-shot inference
using official pretrained parameters, “LoRA-Tune” denotes fine-tuning via LoRA (Hu et al. 2022), and “Full Fine-tune” refers
to directly fine-tuning all model parameters. The methods Proxy-Tune, CPT, GP-random, and GP-filter are grouped as Proxy
Model Black-Box Tuning Methods. All datasets are evaluated by Accuracy (higher is better). Experimental results for other
model families (Llama2, Mistral, and DeepSeek) are provided in the Appendix.

Main Results
The main experimental results are presented in Table 1. Our
proposed GP-based tuning methods, particularly GP-filter,
exhibit consistently strong performance across all evaluated
models and datasets. Focusing first on the Llama2 fam-
ily, GP-filter improves the average accuracy from 55.92%
(pretrained) to 86.85% (GP-filter tuned), even outperform-
ing LoRA-Tune (85.79%) and approaching the performance
of full fine-tuning (88.58%) on Llama2-13B. Compared to
other proxy-based approaches, GP-filter achieves a higher
average accuracy than CPT (86.41%) while using only
1.38% of its API calls—to the best of our knowledge, this
represents the state-of-the-art in both performance gain and
API efficiency—demonstrating both effectiveness and re-
markable cost-efficiency. It also outperforms offline Proxy-
Tune by an average margin of 1.93 percentage points.

To validate generalizability, we conduct extensive ex-
periments across other model families including Mistral-
7B, Qwen3, and DeepSeek-R1-Distill. In all cases, GP-filter
yields consistent improvements over the pretrained mod-
els, achieving average accuracy gains of +9.94, +7.24, and
+13.27 percentage points, respectively. Notably, in each set-
ting, GP-filter uses few API calls (below 2%), highlighting
its extreme cost-efficiency alongside strong performance.

We also apply GP-filter in a simulated real-world black-
box LLM setting (Qwen-Plus model from Tongyi Qianwen)
to further assess its practical applicability. As detailed in Ap-

pendix, the method remains highly effective even under mul-
tiple realistic constraints, confirming its robustness in truly
black-box environments.

Ablation Study: Different Usage of API Calls
We trained GP on 6 datasets—CoPA, ARCC, CoLA, RTE,
OBQA, and MRPC—using different API calls to generate
variant GP surrogates, which were then used to guide the
small proxy via the GP-filter method. Figure 2 compares the
output distributions of GP and the target foundation model
for CoLA. Results for others are provided in Appendix.

Under extreme data scarcity, the GP logits distribution
becomes highly compressed, as observed in Figure 2 (the
top left subfigure). With only 2 API calls (out of 8,551),
the distribution nearly degenerates into a one-dimensional
form, effectively reducing the GP model to a linear func-
tion. Surprisingly, the performance of the GP-filter method
remains robust. In contrast, Figure ARCC (the bottom right
subfigure, displayed in Appendix) shows the opposite ex-
treme, where nearly all data (1,101 out of 1,119) is used, GP
logits closely match those of the Llama2-13B model, and the
GP-filter method achieves performance comparable to CPT.

These results highlight that GP-filter can perform well
even with extremely limited API calls. Rather than replicat-
ing the large model’s logits, the GP appears to approximate
its underlying knowledge structure, with added noise that
may serve as implicit regularization, enhancing the proxy’s
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Method
API Call Efficiency (%) ↓

AG-News CoLA CoPA SST-2 ARC-C Cs-QA OB-QA MNLI QNLI RTE QQP Avg.

CPT (He et al. 2024) 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

GP-random (ours) 3.33 11.69 10.00 5.94 9.83 10.27 8.07 1.02 4.77 10.04 1.37 6.94

GP-filter (ours) 1.21 0.74 1.20 1.38 2.95 2.77 2.08 0.83 1.79 1.08 1.37 1.58

Table 2: Large model API call efficiency. This table compares the percentage of large model API calls used by our methods
versus CPT (He et al. 2024). For CPT, an API call is made for every training instance (i.e., 100% usage). Our GP-filter method
requires only an average of 1.58% for Qwen3 of these calls. Results for other model families are provided in the Appendix.

Figure 2: Logits distributions produced by the GP models (each left subfigures) and the target black-box model (each right
subfigures) across two datasets. The figure consists of four columns, grouped as two pairs: the first and third columns show
the output logits distributions of six GP models trained under different API budgets; the second and fourth columns display the
output logits of the same Llama2-13b pretrained model under the same inputs, repeated for clearer comparison.

robustness. Even in extreme minimal-data regimes (e.g., 2
samples in CoLA), the GP model provides a useful correc-
tive signal, capturing high-level structural patterns such as
distributional tendencies and relative logit relationships.

Additional ablation studies provide further insights into
the strengths of our approach. As shown in Appendix, un-
der extreme data scarcity, directly fine-tuning the Llama2-
7B model yields low effectiveness. In contrast, our GP-
filter method maintains high performance, achieving 6.31
percentage points higher accuracy. Furthermore, Appendix
shows that on more challenging datasets, our method signif-
icantly outperforms offline approaches such as Proxy-Tune.
This improvement stems from the fact that Proxy-Tune only
leverages the foundation model at the reference stage; how-
ever, in difficult tasks, both the fine-tuned proxy model and
the pretrained large model may perform suboptimally. In
contrast, our approach incorporates the foundation model’s

knowledge throughout the training process, leading to more
effective proxy fine-tuning and consistently better results.

Conclusion
In this paper, we introduce a Gaussian Process (GP) based
black-box proxy tuning approach that directly addresses the
central challenge: aligning models effectively while mini-
mizing expensive API calls. Our approach trains a GP sur-
rogate on a small, curated dataset to approximate the tar-
get model’s behavior and uses its predictive uncertainty to
guide selective querying during proxy fine-tuning. Experi-
ments demonstrate that our method matches or outperforms
competitive online black-box tuning techniques while using
substantially fewer APIs, and consistently surpasses existing
offline strategies. These results not only highlight the prac-
ticality and cost-efficiency of proxy tuning, but also confirm
its effectiveness in realistic black-box adaptation scenarios.
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