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Abstract

Adapting closed-box service models (i.e., APIs) for target
tasks typically relies on reprogramming via Zeroth-Order Op-
timization (ZOO). However, this standard strategy is known
for extensive, costly API calls and often suffers from slow,
unstable optimization. Furthermore, we observe that this
paradigm faces new challenges with modern APIs (e.g., GPT-
40). These models can be less sensitive to the input per-
turbations ZOO relies on, thereby hindering performance
gains. To address these limitations, we propose an Alterna-
tive efficient Reprogramming approach for Service models
(AReS). Instead of direct, continuous closed-box optimiza-
tion, AReS initiates a single-pass interaction with the service
API to prime an amenable local pre-trained encoder. This
priming stage trains only a lightweight layer on top of the
local encoder, making it highly receptive to the subsequent
glass-box (white-box) reprogramming stage performed di-
rectly on the local model. Consequently, all subsequent
adaptation and inference rely solely on this local proxy,
eliminating all further API costs. Experiments demonstrate
AReS’s effectiveness where prior ZOO-based methods strug-
gle: on GPT-40, AReS achieves a +27.8% gain over the
zero-shot baseline, a task where ZOO-based methods pro-
vide little to no improvement. Broadly, across ten diverse
datasets, AReS outperforms state-of-the-art methods (+2.5%
for VLMs, +15.6% for standard VMs) while reducing API
calls by over 99.99%. AReS thus provides a robust and prac-
tical solution for adapting modern closed-box models. Code:
https://github.com/yunbeizhang/AReS.

1. Introduction

In recent years, Model-as-a-Service (MaaS) has emerged
as a dominant paradigm for deploying and accessing state-
of-the-art (SOTA) machine learning models [1, 5, 48, 56].
Companies and research institutions often release their large
pre-trained models (which we refer to as service models in
this work) as inference APIs, allowing users to query these
powerful models without direct access to model parameters
or architecture details. This closed-box nature creates a sig-
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nificant challenge for transfer learning [54, 55, 63]. Unlike
some approaches that may assume access to intermediate fea-
tures or token embeddings [42, 64, 79] (see Table 1 for a de-
tailed comparison), this work focuses on the most restrictive
closed-box setting, where only raw input-prediction access
to the service model is available. In this challenging sce-
nario, adapting models to downstream tasks, which typically
requires gradient information, becomes particularly difficult.
Model Reprogramming (MR) [7, 11, 25, 43, 57], known
as Visual Reprogramming (VR) or Visual Prompting (VP)
in vision domains, has been developed as one solution, en-
abling adaptation of MaaS models through input-level modi-
fications optimized using zeroth-order optimization (ZOO)
[31, 51, 52, 60] based solely on model outputs.

While closed-box visual reprogramming approaches such
as BAR [57] and BlackVIP [41] have demonstrated promis-
ing results under this strict input-prediction only setting, they
entail practical challenges. The optimization process, reliant
on approximate gradients, can be slow and unstable, and
the computational and practical costs could be prohibitive
[32, 77]. Such methods require numerous API calls not only
during the lengthy training phase but also for every infer-
ence instance, leading to significant financial burdens and
requiring uninterrupted connectivity to the service model
[41, 57, 64]. More critically, our experiments indicate that
this ZOO-based paradigm faces new challenges with modern,
robust APIs. We find that powerful models like GPT-40 can
be less sensitive to the noisy input perturbations central to
Z00, yielding little to no performance gains (Fig. l1a and Ta-
ble 4), while on models like LLaVA [30], these perturbations
may affect delicate vision-language alignment. Furthermore,
the substantial resources expended for these SOTA methods
do not always translate into commensurate performance en-
hancements (Fig. 1b and 1c), raising concerns about their
efficiency-to-effectiveness ratio [4 1, 73]. These substantial
hurdles in efficiency, cost, and now, effectiveness on modern
models, form the core motivation for our work. It compels
us to ask: Are there alternative approaches that can offer
advantages beyond conventional closed-box model repro-
gramming, particularly in overcoming these practical and
economic limitations?
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Figure 1. (a) On the real-world GPT-40 API, ZOO-based methods show limited effectiveness, providing little to no improvement over
zero-shot performance while incurring high total (training and inference) costs. (b, ¢) On CLIP ViT-B/16, these methods require ~10% API
calls and over 32 hours of training on Flowers102, yet still underperform ours, AReS, which uses only ~10® API calls and 0.4 hours.

We propose an Alternative efficient Reprogramming ap-
proach for Service models (AReS) that directly addresses
these challenges (see Fig. 2). Instead of direct, continuous
closed-box optimization, AReS initiates a single-pass inter-
action with the service API to prepare an amenable local
pre-trained encoder (e.g., a publicly available one, making
the same initial assumption as methods like BlackVIP [41]
but utilizing it for a fundamentally different purpose). This
priming stage trains only a lightweight layer on top of the
local encoder. Crucially, this step does not require a shared
label space; it successfully prepares the local model for re-
programming even when the service API’s outputs are in
a disjoint label space (e.g., ImageNet) from the target task
(e.g., Flowers). This approach, supported by a theoretical
analysis connecting priming faithfulness to downstream per-
formance, enables effective glass-box visual reprogramming
to occur entirely and efficiently on the local model. Conse-
quently, all subsequent adaptation and inference rely solely
on this local model, eliminating further API costs. For ex-
ample, on the Flowers102 dataset (as detailed in Fig. 1b and
lc), our approach achieves 86.6% accuracy, outperforming
BlackVIP (70.6%), while dramatically reducing API calls
from ~ 10% down to ~ 103 (>99.99% reduction) and slash-
ing computation time from over 30 hours to less than half
an hour (>98.88% reduction). Crucially, on GPT-40, AReS
improves by +27.8%, while BlackVIP gains only +0.7%.
This is because the service model’s robustness to input per-
turbations hinders ZOO-based methods, a limitation AReS
bypasses by avoiding direct reprogramming.

We evaluate AReS across a broad range of service mod-
els. Our primary evaluation spans standard Vision Models
(VMs) (e.g., ViT-B/16 [13], ResNet101 [16]) and Vision-
Language Models (VLMs) (e.g., CLIP [48]) over ten diverse
datasets. We also conduct evaluations on modern models, in-
cluding the Multimodal Large Language Models (MLLMs)
LLaVA [30], the proprietary MLLM API GPT-4o0 [1], and the
commercial VM API Clarifai. Through these comprehensive
experiments, we demonstrate that our approach consistently
outperforms SOTA ZOO-based methods while dramatically
reducing computational requirements and associated costs.
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These findings have important implications for the broader
field of transfer learning in increasingly API-centric machine
learning ecosystems, suggesting a more effective path for-
ward that balances performance, efficiency, and practicality.

Our main contributions are summarized as follows:

1. We identify a key challenge for ZOO-based reprogram-
ming on modern, robust APIs and present an effective
alternative that shifts adaptation to a local model after a
minimal, single-pass interaction with the service APL

. We introduce AReS, a simple, theoretically-supported
framework that combines a priming step with efficient
glass-box reprogramming, uniquely enabling cost-free
inference without further API dependency.

. Through extensive experiments, AReS achieves superior
performance, including significant gains on real-world
APIs (e.g., GPT-40 and Clarifai) where prior methods
fail, alongside average accuracy improvements of +2.5%
for VLM and +15.6% for VM over BlackVIP, while
reducing API calls by > 99.99%.

2. Related Work

Closed-box Tuning for Model-as-a-Service (MaaS).
Closed-box tuning for MaaS has been explored across vari-
ous modalities, with approaches for Large Language Mod-
els (LLMs) [54, 55] and methods for VLMs that modify
inputs at the token level while requiring access to text em-
beddings, placing them outside the strictest closed-box def-
inition [15, 42, 64, 73], as detailed in Table 1. In the vi-
sion domain, approaches like BlackVIP [41] and BAR [57]
employ ZOO to reprogram models by modifying visual
inputs. While applicable to both VLMs and VMs, these
Z0O0-based approaches are known for optimization insta-
bility and high API call costs during training and infer-
ence [32, 41, 43, 57, 77]. More critically, their reliance
on input perturbations may face new challenges in the era
of modern APIs, e.g., powerful service models like GPT-
4o can be robust enough to simply ignore these perturba-
tions, rendering the costly ZOO adaptation process ineffec-
tive (Fig. 1a). These limitations highlight the need for an
alternative strategy that avoids direct closed-box optimiza-
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Figure 2. (a) Previous closed-box methods use Zeroth-Order Optimization (ZOO), which estimates gradients by querying the API multiple
times for the same training image with random perturbations. This results in continuous API dependency: numerous calls during training and
one API call per image during inference. (b) Our AReS approach performs a single-pass priming, requiring only one API call per training
image to prepare a local model. This enables efficient, gradient-aware VR locally, eliminating all subsequent API costs during inference.

tion and instead enables efficient and effective adaptation for
downstream tasks without repeated service-model queries.
Model Reprogramming (MR). MR [3, 11, 25, 76], termed
Visual Reprogramming (VR) or Visual Prompting (VP) in
vision domains, encompasses two main strategies. The first,
token-based prompting, is tailored for transformer architec-
tures like Vision Transformers (ViT) [3, 25, 71, 74, 84, 85].
These methods inject learnable tokens and require access to
the model’s embedding space or intermediate layers, render-
ing them unsuitable for strict closed-box settings or non-
transformers [15, 42, 64, 73, 78]. The second category,
input-level prompting [6, 8, 41, 57, 58, 80], directly modifies
input images, offering model-agnostic flexibility with only
input-output access. Both approaches can be optimized us-
ing gradient-based methods (glass-box) or ZOO techniques
(closed-box) [41, 57, 64]. However, ZOO-based methods
can be associated with efficiency and stability trade-offs.
Their reliance on high query volumes and continuous API
connectivity may be less suited for practical scenarios re-
quiring rapid adaptation or offline use, such as in remote
field operations. These practical considerations particularly
motivate our work in exploring an alternative strategy.

3. Problem Setting

Closed-box Model Reprogramming. MR adapts pre-
trained models to solve new tasks without modifying their
parameters. Given a pre-trained model Fg : X5 — RE®
where K ¥ is the number of source classes, the key concept
is to introduce a learnable prompt P that transforms inputs
from the downstream task domain X7 to the source domain
X% through an input transformation function g;, (-|P). Ad-
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ditionally, a label mapping function g,y : R¥ s RET s
employed to bridge the source (with K classes) and target
(with KT classes) label spaces. If the source and down-
stream tasks have the same label space, go,+ becomes an
identity mapping (e.g., in VLMs). Otherwise, for VMs, a
gradient-free label mapping is established following existing
works [6, 8, 57] (Detailed in Appendix 7.2). Importantly,
only the input transformation g;,, contains trainable parame-
ters updated through gradient descent, while the label map-
ping gout is computed and updated during training but does
not introduce additional trainable parameters.

In MaaS settings, powerful pre-trained models are acces-
sible only through APIs without access to their parameters
or internal representations. We denote such a closed-box Ser-
vice API model as Fg : XS s R’ which accepts inputs
from domain X' and produces output predictions. Adhering
to the strictest closed-box assumption established in prior
work [57], we consider the scenario where the API returns
only prediction probabilities rather than logits or embed-
dings, representing the most constrained access scenario (see
Table 1). When adapting MaaS models to downstream tasks,
the central challenge is to leverage these powerful models in
a computationally and economically efficient manner. This
requires developing methods that can optimize task-specific
visual prompts using only the limited input-output responses
from the API while minimizing computational costs and API
usage during both training and inference.

Existing BMR Approaches. Existing ZOO-based BMR
methods like BAR [57] employs random gradient-free
(RGF) optimization [31, 60] to estimate the gradient of
the loss function ¢ with respect to prompt parameters P:

ViP) ~ 430, Wui, where d is the pa-



Table 1. Comparison of tuning methods for Model-as-a-Service (MaaS). The Access column indicates the strictness, distinguishing
translucent-box (grey, requiring intermediate Features or Embedding access) from closed-box (black, Input/Predictions only) settings.
We compare methods by: MR (Model Reprogramming-based); required Input Access and Output Access; support for VMs (Standard
Vision Models) and VLMs (Vision-Language Models); Prompt type (L: Language, V: Visual); and Encoder Flexibility. Our method, AReS,
uniquely offers Cost-free Inference for both VMs and VLMs while operating under the strictest closed-box constraints.

Access  Method MR Input Access Output Access VM VLM  Prompt Encoder Flexibility Cost-free Inference
LFA [42] X Input Features X v - v X
CBBT [15] X Embedding Features 4 L 4 X
LaViP [29] v Input Features v v \% v X
BPT-VLM [73] X Embedding Predictions X v L&V ViT Only X
CraFT [64] X Embedding Predictions X v L v X
BAR [57] v Input Predictions v 4 \% v X

- BlackVIP [41] v Input Predictions v v \% v X
LLM-Opt [33] X Input Predictions X v L v X
AReS (Ours) v Input Predictions v v \% v v

rameter dimension, ¢ is the number of random directions,
(4 is a small constant, and u; are random unit vectors.
BlackVIP [41] introduces the Simultaneous Perturbation
Stochastic Approximation with Gradient Correction (SPSA-
GO) [51, 52] to improve gradient estimation: V{(P) =
WA* , where c is a small constant and A
is a random perturbation vector. BlackVIP also incorporates
a Coordinator network for input-dependent prompt genera-
tion using a local pre-trained encoder (e.g., ViT-B/16). While
these methods have shown promising results, they require
multiple API calls per update and during inference, leading
to increased computational and financial costs. Additionally,
their zeroth-order gradient approximation can result in less
stable optimization compared to exact gradients (i.e., first-
order optimization) [32, 41, 77]. The challenge remains to
develop more efficient approaches that can better leverage
available local encoders while minimizing API usage.

4. Method

Prime Once. In the first stage, we utilize a locally available
encoder F7, (the same assumption as BlackVIP [41]) and
prime it using the closed-box service model Fgs. For each
image x; from the target domain dataset DT = {z;}}¥ |, we
query the service model to obtain prediction probabilities
ps(x;) = Fs(x;). Itis important to note that this is the only
time we interact with the API, and after this single round
of querying, the API is no longer needed for the rest of the
process. We use the local encoder F7, (outputting depc-dim
features) as a fixed feature extractor and add a trainable
linear layer with parameters § € RX”*(deac+1) on top of
it. Note that we abuse the notation F, to refer to both the
local encoder alone and the local encoder combined with
the learned linear layer, depending on the context. Only the
linear layer parameters are updated during priming:

0* = argming S| Lo(Fr(24;0), ps(x:)). (1)

Our priming objective, inspired by the loss function from
knowledge distillation [18, 53], is defined as: Lp(pr, ps) :=
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— Z;fl ps,jlogpr ; , where pg/py, are the output proba-
bilities of the same image from the service/local models,
respectively. This loss is equivalent to the Kullback-Leibler
divergence KL(ps||pr)-

For both VMs and VLMs, we freeze the local encoder and
only train the added linear layer. The key difference between
VM and VLM adaptation is in how the outputs are handled:
for VMs, the priming occurs in the service model label prob-
ability space, which presents a non-trivial challenge as this
fixed vocabulary does not align with the downstream task’s
labels. For VLMs, the outputs are naturally aligned with the
downstream task label space through the text encoder. This
approach establishes a fair comparison with BlackVIP [41],
as both methods only require a local encoder. Moreover,
this opens up the potential to utilize extra unlabeled data
from the downstream distribution, a significant advantage
unavailable to other methods. (see Fig. 3d).

Remark (Priming vs. Knowledge Distillation). Our prim-
ing stage is mechanistically similar to knowledge distillation
[2, 9, 18, 22, 24, 46] but differs fundamentally in its ob-
jective and applicability. Whereas traditional distillation
aims to create a final, high-performance student model—
typically requiring a shared label space—our priming is
solely a preparatory step to make the local model more
amenable to subsequent reprogramming. This preparatory
focus allows priming to operate even when the service and
downstream label spaces are disjoint (e.g., using Flowers
data in the ImageNet label space), providing crucial flexibil-
ity for closed-box model adaptation.

Efficient VR Training. After the priming, we proceed to the
second stage of AReS: learning an effective visual prompt
for the downstream task using gradient-based optimization.
Unlike closed-box approaches that rely on approximate gra-
dients, we can leverage exact gradient information since our
local encoder with the learned linear layer is fully accessi-
ble. We define a learnable visual prompt P and an input
transformation function g;,, similar to closed-box methods,
along with a label mapping function g, (and becomes an



Table 2. Accuracy and Efficiency comparison on ten diverse visual recognition datasets using CLIP ViT-B/16 (Service) and ViT-B/16 (Local)
in a 16-shot setting. AReS achieves superior average accuracy with a drastic reduction in resources (99.99% fewer API calls and 98% less

training time). For this and all subsequent tables,

denotes glass-box Service VR results. #API (M): total API calls in millions (training

and inference); Wall-clock Time (h): total training hours run on an RTX 6000 Ada GPU.

Method | Flowers DTD UCF Food GTSRB  EuroSAT  Pets Cars SUN  SVHN | Avg. | #API(M) | Time (h)
VR (glass-box) | ‘ ‘ ‘

Zero-shot 713 439 66.9 85.9 21.0 479 89.1 65.2 62.6 17.9 57.2 0.12 0
BAR 71.0 46.8 64.2 84.4 21.5 713 88.4 63.0 62.4 34.6 61.4 612.84 185.6
BlackVIP 70.6 453 68.7 85.9 21.3 73.3 89.1 65.4 64.5 444 62.9 754.20 197.5
LLM-Opt 67.6 45.0 59.9 78.5 21.2 48.0 87.7 56.2 60.3 20.2 54.5 5011.32 5.1
AReS 86.6 48.2 67.1 68.8 394 85.7 88.9 432 62.8 63.2 654 0.02 3.7
AReS-MS 866 482 6.1 859 394 857 889 652 628 632 | 693 0.06 37

identity mapping for VLMs). We optimize the prompt using
gradient descent on our primed local encoder by minimizing
the cross-entropy loss:

P* = argminp E(IA,y)NDT [g(gout (]:L (gin(xv P); 0*))7 y)] . (2)

This gradient-based optimization on local model enables
more stable, efficient, and rapid learning of the visual prompt
compared to ZOO-based methods, resulting in better and
faster adaptation to the downstream task while maintaining
the benefits of input-level modifications.

Cost-free Inference. For inference on test examples from
the downstream task, we apply the learned visual prompt
to the input and process it through the local encoder § =
Gout (FL(gin(z,P*); 0%)). This approach eliminates API
dependency during inference, enabling truly cost-free de-
ployment. By removing the need for constant connectivity to
service models, AReS becomes particularly valuable in prac-
tical scenarios like remote field operations or edge devices
with intermittent network access.

Model Selection Strategy. For applications where maxi-
mizing performance is the top priority, we also propose a
simple variant named AReS-MS (Model Selection). This
approach leverages the initial priming stage as a low-cost di-
agnostic tool, as it yields both the zero-shot performance of
the service API and the potential performance of the primed
local model. AReS-MS then automatically selects the opti-
mal inference path: if the local model’s potential meets the
required performance threshold, defined as the zero-shot per-
formance minus a tolerance T, it proceeds with the cost-free
local model; otherwise, it defaults to using the more power-
ful zero-shot API. This turns AReS into a more complete and
robust framework that not only enables efficient adaptation
but also guides practitioners to the optimal cost-performance
trade-off for each individual task.

Theoretical Insight. To formally understand AReS’s ef-
ficacy, we provide a theoretical analysis (detailed in Ap-
pendix 9) that bounds the performance of our primed local
model, F7, relative to the service model, Fg. This analysis
hinges on two key assumptions: Service Model Superiority
(Assumption 1), which reasonably posits that Fg is more
powerful or better aligned with the downstream task data
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DT than F, initially, and e-Faithful Priming (Assumption 2
and Definition 1). The latter states our one-time priming
effectively aligns the output logit distributions of F, and
Fg, with their expected L; difference bounded by a small
€, indicating a successful knowledge transfer. While our
theoretical analysis assumes logits for tractability, our abla-
tion studies (Fig. 3c) confirm that the performance of our
practical, probability-only method is unaffected.
Leveraging these assumptions and the Lipschitz continu-
ity of the cross-entropy loss (Lemma 1), Theorem 3 estab-
lishes a crucial performance bound. It shows that the risk of
the optimally reprogrammed local model, Rz (D?, P*), can
closely approach that of an optimally reprogrammed service
model, Rs(DT, Q*), differing by at most e:
R (DT, P*) —e < Rs(DT,Q*) < RL(DT,P*). (3)
This result offers a key insight: traditional ZOO-based meth-
ods expend considerable resources attempting to directly
optimize for a low Rs(DT, Q*) via unstable, query-heavy
processes on Fg. AReS, however, transforms this challenge.
By first achieving a faithful priming (small €), the problem
shifts to optimizing Ry (DT, P*) on the local, glass-box
model F;. This local optimization using efficient First-
Order Optimization (FOO) is more stable and drastically
reduces API calls and computation, thus providing a more
practical path to leveraging the service model’s capabilities.

5. Experiments

Datasets and Models. We evaluate AReS on ten diverse
visual recognition datasets widely used in previous works [6,
41], spanning various domains: fine-grained categorization
(Flowers102 [40], StanfordCars [28]), texture recognition
(DTD [12]), action recognition (UCF101 [50]), food classifi-
cation (Food101 [4]), traffic sign recognition (GTSRB [20]),
satellite imagery (EuroSAT [17]), animal recognition (Ox-
fordPets [44]), scene classification (SUN397 [67]), and digit
recognition (SVHN [38]). We compare our approach with
SOTA closed-box VR methods: BAR [57] and BlackVIP
[41]. For the VLM experiments, we additionally compare
against LLM-Opt [33], a recent baseline applicable only to



Table 3. Accuracy and Efficiency comparison using ViT-B/16 (Service) in Full-shot setting.

Method | Flowers DTD UCF Food GTSRB  EuroSAT  Pets Cars SUN  SVHN | Avg. | #API(M) | Time (h)
VR (glass-box) | | | |

BAR 14.8 24.3 29.5 12.2 14.1 43.1 24.9 1.0 10.6 29.6 20.4 1,724.2 668.2
BlackVIP (RN50) 15.2 42.3 34.0 14.5 13.9 67.3 63.6 3.7 22.6 30.8 30.8 2,586.2 686.9
AReS (RN50) 43.5 43.4 394 259 48.7 84.3 73.9 5.8 19.9 73.7 459 0.2 8.7
BlackVIP (ViT-B/32) 27.4 44.1 36.6 18.5 38.4 59.6 65.4 3.9 23.7 30.3 34.8 2,586.2 757.6
AReS (ViT-B/32) 53.6 46.9 414 27.3 58.8 95.6 65.0 4.7 26.9 83.5 50.4 0.2 22.4

VLMs. For VLMs, we use CLIP ViT-B/16 [48] as the ser-
vice model and ViT-B/16 as the local encoder in a 16-shot
learning setting, following the same configuration as Black-
VIP [41] due to VLMs’ strong generalization capabilities.
We also include zero-shot CLIP performance as an important
baseline to measure adaptation gains. For VMs, we employ
pre-trained ViT-B/16 [13] and ResNet101 (RN101) [16] as
service models with ViT-B/32 and ResNet50 (RN50) as local
encoders, adopting the Full-shot setting following BAR [57]
since VMs are not as generalizable as VLMs. For all settings
using VMs as a service, we employ Bayesian-guided Label
Mapping (BLM) [6] as goyt- In addition, we further evaluate
our methods on the MLLM LLaVA [30], the real-world API
GPT-40 [23], and the commercial VM API service Clarifai.
Additional details can be found in Appendix 8.
Implementation Details and Evaluation Metrics. For the
priming stage in AReS, we use the Adam optimizer [26] with
a learning rate of 0.001. For local encoder VR, we follow the
implementation in [6], using a padding-based visual prompt
approach and the Adam optimizer with a learning rate of
0.01. For baselines, we use the officially released imple-
mentations with their recommended hyperparameter settings.
All experiments are conducted over three rounds on a single
NVIDIA RTX 6000 Ada GPU. We evaluate each method
using three key metrics to assess practical deployment value:
(1) Average accuracy across three runs on downstream tasks
(%), (2) Total training and inference API calls required in
millions (#API (M)), and (3) Total wall-clock training time
in hours (Time (h)) across all datasets. For experiments on
real-world APIs, we also report the total financial cost in US
dollars ($) for both training and inference.

5.1. Experimental Results

Results on Vision-Language Model (VLMs). Follow-
ing BlackVIP [41], we evaluate our approach using a CLIP
ViT-B/16 service model and a ViT-B/16 local encoder, with
results presented in Table 2. Our method, AReS, achieves
a 65.4% average accuracy across ten diverse datasets, out-
performing both BAR (61.4%) and BlackVIP (62.9%). We
also compare against LLM-Opt [33], a recent method that
uses GPT-4 to optimize text prompts; despite its extremely
high API costs for both CLIP (5011.3M API calls) and the
LLM optimizer (additional ~$110 USD), it underperforms
the zero-shot baseline and is only applicable to VLMs. This
superior performance by AReS is achieved with a drastic
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reduction in computational requirements: only 0.02M API
calls for the initial priming, compared to 612.84M for BAR
and 754.20M for BlackVIP (a reduction of > 99.99%). Fur-
thermore, inferring all datasets’ test sets (e.g., zero-shot)
requires 0.12M API calls; our method uses only approxi-
mately 1/6 of these calls for priming and then requires no
API calls during inference, while still outperforming zero-
shot by +8.2% on average. Training time is also signif-
icantly reduced to only 3.7 hours, compared to 185.6 and
197.5 hours for BAR and Black VIP, respectively (a reduction
of > 98%). These efficiency gains are particularly notable
on challenging datasets such as SVHN (63.2% vs. 44.4%
for BlackVIP and 34.6% for BAR) and EuroSAT (85.7% vs.
73.3% for BlackVIP and 77.3% for BAR). Our performance
on Flowers102 is also strong at 86.6%, substantially outper-
forming BlackVIP (70.6%) and BAR (71.0%), and closely
approaching the glass-box VR performance (86.8%) without
direct use of the service model.

On certain complex datasets, notably Food101 and Cars,
we observe that all evaluated reprogramming methods, in-
cluding our own (with a failure case analysis provided in
Appendix 10.7), struggle to outperform the strong zero-shot
CLIP baseline. This suggests a potential inherent limitation
of input-level visual reprogramming for these specific do-
mains. This hypothesis is strongly supported by the results
in Table 2, where a fully glass-box VR approach is shown to
be ineffective, even causing a 4.3% performance decrease
on Food101 compared to the zero-shot baseline. This insight
motivates our AReS-MS variant, which functions as an intel-
ligent model selection strategy. By using the priming stage
to identify these challenging datasets and defaulting to the
zero-shot API, AReS-MS boosts the average accuracy to a
new state-of-the-art 69.3% (Table 2), effectively navigating
the cost-performance trade-off by applying reprogramming
only where it is beneficial.

Results on Vision Models (VMs). We further validate our
approach using ViT-B/16 as the closed-box service model,
paired with ViT-B/32 and RN50 local encoders (details in
Table 3; results using an RN101 service model are in Ap-
pendix Table 8). Our method consistently outperforms BAR
and BlackVIP across all configurations. As shown in the
main results, we achieve an average accuracy of 50.4% (with
a ViT-B/32 local encoder), compared to significantly lower
accuracy for BAR (20.4%) and BlackVIP (34.8%). This su-



Table 4. Performance and Cost comparison on the open-source MLLM LLaVA, the proprietary API GPT-40, and the commercial VM API
Clarifai, evaluated on the EuroSAT 16-shot benchmark. A zero-shot baseline is not applicable for Clarifai as it is a closed-vocabulary model.
Costs are shown in total API calls (#) or US dollars ($). AReS demonstrates significant gains where ZOO-based methods struggle.

Method | LLaVA | GPT-40 | Clarifai

| Acc.t | Train  Infer.  Total #) ] | Acc.? | Train Infer. Total($)| | Acc.t | Train Infer.  Total (§) ]
glass-box | | | | | |
Zero-shot 40.1 - 8100 8100 59.4 - 14.6 14.6 - - - -
BAR 34.1 ~10° 8100 ~ 10° 59.1 576 14.6 722 | 68.1 38.4 9.7 48.1
BlackVIP 394 ~ 107 8100 ~ 107 60.1 86.4 14.6 101.0 72.1 57.6 9.7 67.3
AReS 73.1 160 0 160 87.2 0.3 0 0.3 83.2 0.2 0 0.2

perior performance comes with drastically reduced resource
requirements; in the full-shot setting, our method uses less
than 0.02% of the API calls and only 3-7% of the compu-
tation time required by competitors like BlackVIP, which
demands over 2500M API calls and 750 hours of training.

To further analyze the effectiveness of our priming stage,
we compare AReS against a direct glass-box VR baseline
performed on the local model. Surprisingly, simply repro-
gramming the local encoder directly already outperforms the
complex ZOO-based BlackVIP (e.g., 45.3% vs. 34.8% for
the ViT-B/32 local model in Appendix Table 11). Our prim-
ing process then further elevates this strong baseline by a sig-
nificant margin (e.g., an additional +5.1% to 50.4%). More-
over, our approach often exhibits synergistic effects, surpass-
ing both the local VR baseline and the estimated glass-box
performance of the service model on several datasets. For
instance, with an RN101 service and ViT-B/32 local model,
on Flowers102 our method achieves 51.3% (vs. 42.3% ser-
vice glass-box vs. 38.7% local VR). A detailed analysis is in
Appendix Sec. 10.5. This demonstrates our method’s poten-
tial to effectively combine knowledge from both models for
enhanced reprogramming outcomes with high efficiency.
Results on MLLMs and Real-World APIs. To validate
AReS’s practical effectiveness and efficiency, we conducted
a targeted evaluation on modern services using the EuroSAT
16-shot benchmark. We test AReS against baselines on three
distinct models: the open-source MLLM LLaVA, the propri-
etary API GPT-40, and the commercial VM API Clarifai. For
the commercial APIs, we report the real-world cost in USD,
for which glass-box baselines are unavailable. AReS demon-
strates substantial gains in both accuracy and efficiency in
Table 4, confirming its value in real-world settings.

AReS’s strong performance stems from its conceptual
strategy shift, which circumvents challenges faced by ZOO-
based methods on modern models. On LLaVA, for example,
AReS avoids using input perturbations that appear to disrupt
the model’s delicate vision-language alignment, a problem
that causes BAR and BlackVIP’s performance to drop below
the Zero-shot baseline. Similarly, on the robust GPT-4o,
where ZOO-based methods struggle to find effective pertur-
bations, AReS’s local reprogramming remains highly effec-
tive, achieving a remarkable +27.8% gain over Zero-shot.

6182

Table 5. Ablation study across Service/Local model backbones.

Method Service Backbone

RN50  RNI101 ViT-B/32  ViT-B/16 | Avg.
A 37.5 32.6 452 47.9 40.8
BAR 26.9 335 70.3 772 52.0
BlackVIP (RN50) 51.3 50.8 62.9 68.5 58.4
AReS (RN50) 62.2 68.5 63.2 78.6 68.1
BlackVIP (ViT-B/16) 48.4 51.3 67.9 73.3 60.2
AReS (ViT-B/16) 81.8 81.9 82.0 85.7 82.9

On the commercial Clarifai API, a closed-vocabulary model
where zero-shot is not an option, AReS again achieves the
highest accuracy (83.2%) at a fraction of the cost ($0.2),
making it over 300x cheaper than BlackVIP ($67.3). These
results confirm that AReS is a robust, effective, and economi-
cally viable solution for adapting modern closed-box models.
More details in the Appendix Sec. 10.8.

5.2. Ablation Study

We present ablation studies in this section. All experiments
use EuroSAT with 16 shots per class, CLIP ViT-B/16 (Ser-
vice) and ViT-B/16 (Local), unless specified otherwise.
Backbone Versatility. We examine the effect of varying ser-
vice model backbones and local encoder choices to demon-
strate our approach’s versatility when the service model
is VLM. The results in Table 5 indicate that our method,
whether using a ViT-B/16 or an RN50 local encoder, consis-
tently outperforms baselines like BAR and BlackVIP across
diverse CLIP backbones (RN50, RN101, ViT-B/32, and ViT-
B/16) used in VLM contexts. For instance, averaged across
these service backbones, our method with a ViT-B/16 local
encoder achieves an average accuracy of 82.9%, substan-
tially higher than BlackVIP with the same local encoder
(60.2%). This underscores the robustness of our method
across different architectural choices.

Component Analysis. We dissect the contributions of our
core components in Table 6: Priming, Visual Reprogram-
ming (VR). We observe that priming the local encoder alone
("Primed”) yields 45.6%, which is slightly below the 47.9%
zero-shot baseline. It is important to note that this Primed
result is not always directly comparable; the priming occurs
in the service model’s label space (e.g., ImageNet), which
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Table 6. Component analysis of Priming, Visual Reprogramming
(VR), and Linear Probing (LP).

Method | Priming VR LP |  Accuracy
Zero-shot - - - 479
Primed v - - 45.6
Local VR - v - 70.6
Local LP - - v 73.8
Local VR+LP - v v 80.1
AReS (Ours) | v v - \ 85.7

can be disjoint from the target task’s labels (e.g., EuroSAT).
This preparatory focus, which does not require a shared label
space, fundamentally distinguishes our approach from con-
ventional knowledge distillation. While the Primed model’s
accuracy is lower than the zero-shot baseline, an expected
outcome, as its performance is bounded by the service model,
the true goal is to prepare the local model for reprogramming.
Our final AReS result (85.7%) demonstrates that the local
model’s reprogrammability is significantly enhanced by this
step. Local adaptation methods without priming show varied
success, with Local VR (70.6%), Local LP (73.8%), and
their combination “Local VR+LP” (80.1%) all improving
on the baseline. However, our full AReS approach, which
combines Priming with Reprogramming, achieves the high-
est accuracy of 85.7%. This result demonstrates that both
components are crucial, outperforming all local-only tuning
baselines, and confirms that the priming stage synergistically
prepares the local model for a more effective reprogramming.

Impact of Training Data Size. The impact of training
data size is investigated for both VMs and VLMs. For VMs,
Fig. 3a shows our method consistently outperforms BAR and
BlackVIP, maintaining significant performance even when
data is scarce. More VM evaluation in the 16-shot setting
is provided in Appendix Sec. 10.1. For VLMs, varying the
number of samples per class in a few-shot setting is presented
in Fig. 3b. While at very low shot counts (e.g., < 8 shots),
the performance of our method can be comparable or slightly
underperform some baselines due to suboptimal priming and
local VR training from extreme data scarcity, it stabilizes
quickly. From 8 shots onwards, our method consistently and
significantly outperforms baselines, and with more data (e.g.,
32-shots), its performance can be further improved to levels
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comparable to glass-box service model VR.

Priming Strategies. We explore different priming loss func-
tions and the utility of extra unlabeled data, with results
in Fig. 3c and Fig. 3d respectively. Among various prim-
ing losses (KL divergence, L1/L2 losses on probabilities
or logits), KL divergence, used in our main experiments,
provides strong and stable performance. While we operate
under the strict closed-box assumption (probabilities only),
logits-based losses are included for broader comparative
analysis. Furthermore, a key benefit of priming is its lack of
requirement for extra labeled data, which allows our method
to leverage unlabeled downstream task data. As shown in
Fig. 3d, increasing the amount of unlabeled data for the
priming stage (while keeping VR training fixed at 16-shot)
steadily improves our method’s performance. This ability
to benefit from extra unlabeled data is a unique advantage
of our approach compared to BMR baselines (BAR and
BlackVIP), which cannot utilize such data in this manner.

6. Conclusion

In this work, we addressed key challenges in adapting closed-
box Model-as-a-Service APIs, including the heavy query
costs, slow optimization, and diminishing effectiveness of
Z00-based methods on modern service models. We intro-
duced AReS, an alternative reprogramming strategy that uses
a single-pass interaction with the service API to prepare a
local encoder, enabling efficient glass-box reprogramming
without further API dependence. This simple, theoretically-
supported design yields substantial gains in both perfor-
mance and practicality. Across diverse benchmarks, AReS
consistently outperforms state-of-the-art ZOO approaches
on VMs and VLMs, and delivers large improvements on pro-
prietary APIs such as GPT-40 while ZOO-based approaches
falter. By dramatically reducing API calls by over 99.99%,
AReS enables cost-free inference and offline deployment.
These comprehensive findings underscore AReS as a robust,
economical, and highly effective solution for closed-box
model adaptation. We show that reprogrammability can be
efficiently unlocked in a local model through a minimal, one-
time priming interaction, facilitating a more practical path
for transfer learning in API-centric ecosystems.
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