
u In real-world scenarios, machine learning systems 
inevitably encounter both covariate shifts (e.g., 
changes in image styles) and semantic shifts (e.g., test-
time unseen classes). 

uThus a critical but underexplored question arises: How 
to improve VLMs' generalization ability to closed-set 
OOD data, while effectively detecting open-set unseen 
classes during fine-tuning?  

u Inspired by the substantial energy change observed in 
closed-set data when re-aligning vision-language 
modalities—specifically by directly reducing the 
maximum cosine similarity to a low value—we 
introduce a novel OOD score, named ∆Energy.

uWe show that ∆Energy can simultaneously improve 
OOD generalization under covariate shifts, which is 
achieved by lower-bound maximization for ∆Energy 
(termed EBM). 

Motivation

Illustration of typical data setting in real-world 
scenarios.

(i) closed-set ID data (e.g., dog); 
(ii) closed-set OOD data with covariate shifts (e.g., dog 

with changed image styles);
(iii)open-set OOD data with semantic shifts (e.g., panda). 

uThe significant overlaps in energy distributions 
between closed-set ID and open-set OOD data pose a 
challenge for CLIP in detecting open-set OOD data.

u The notable discrepancy between the closed-set ID 
and closed-set OOD data also complicates achieving 
OOD generalization for closed-set OOD data.

Problem Setting

Methodology

setting12_res.png

Motivated by the substantial energy change observed in closed-set data when re-aligning vision-language modalities, we propose a unified fine-tuning framework that 
optimizes this energy variation to enhance out-of-distribution generalization capability, while simultaneously enabling the model to detect unseen classes in open-set scenarios.
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