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Motivation
Black-box reprogramming spends the

budget in the wrong place.

- BAR and BlackVIP optimize visual prompts through Zeroth-

Order Optimization (ZOO).

- ZOO needs repeated API calls per image, noisy gradient 

estimates, and service access again at inference time.

- Modern robust APIs can be insensitive to small input 

perturbations, so costly search may not move the prediction.

Question: can we use a service API once, then adapt and deploy 

locally?

Each loss evaluation routes back through the service model.

Design Goal

1x
service pass for priming

0
service calls at inference

Local
gradients after priming

Black Box input / prediction only

Grey Box features or embeddings

White Box gradients or parameters

- Stay in strict Black Box access for the service API.

- Prime once, then learn and deploy the visual prompt locally.

- Use the same primitive for VMs and VLMs.

AReS: Prime Once, Then Reprogram Locally

1. Query Service

Collect service probabilities once per target-domain 

training image.

2. Prime Local

Freeze the local encoder and train a lightweight linear 

layer.

3. Local VR

Learn the visual prompt with exact White Box gradients 

on the primed local model.

Priming loss

Local VR loss

Method details are the two optimization objectives: 

one service pass for priming, then all prompt 

learning with local gradients.

AReS moves adaptation and inference to the local proxy after one-time priming.

Main Results: Accuracy and Efficiency

AReS improves accuracy while replacing repeated service-model optimization with one-time priming.

Table 2. VLM / VM accuracy, API calls, and training time

Table 4. Modern API case study

Efficiency reading: the accuracy gains come with cost-free inference and no repeated API perturbation loop.

Theoretical Results
- Priming is useful when it makes the local proxy faithful to the 

service model.

- Assume (𝜖) −faithful priming on target-domain inputs.

- With cross-entropy Lipschitzness, logit closeness transfers to 

risk.
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∗ 𝑥, 𝐐∗ − 𝑧𝐿
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ℛℒ 𝒟𝒯 , 𝐏∗ − 𝜖 ≤ ℛ𝒮 𝒟𝒯 , 𝐐∗ ≤ ℛℒ 𝒟𝒯 , 𝐏∗

Insight: faithful priming lets a stable White Box local route 

approximate the reprogrammed service model.

The theorem explains why API efficiency and stability improve 

together.

Conclusion and Discussion

Take-home: AReS turns black-box service adaptation into 

one-time transfer plus local, cost-free deployment.

Key conclusions

- Modern APIs are fragile under perturbation-based ZOO.

- AReS spends API calls once, then optimizes locally.

- Future work: make priming more faithful under larger 

domain gaps.
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AReS is less dependent on service-model perturbation 

sensitivity because optimization happens on the primed 

local model.

Code

- The epsilon-faithful assumption is not free; it is exactly the 

goal of the priming stage.

- The mechanism is constructive: one service pass trains a 

lightweight head on a frozen local encoder.

- The downstream label space need not match the service label 

space, so priming is preparatory rather than ordinary final-task 

distillation.
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