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Background
Existing OSSL methods: 
have not sufficiently explored more 
practical fine-grained OSSL tasks.

Visual language models(CLIP):
Focus on capturing global, general 
attributes.
Difficult to concentrate on fine-
grained features.

Core Challenges:
Visual differences between ID and 
OOD samples are not significant.
Existing models struggle to capture 
fine-grained distinguishing features.



Related Work

OSSL methods: 对OOD样本进行丢弃/加权/视为负样本
IOMatch/SCOMatch: 将 OOD 样本归类为新类别,优化一个类别为K+1的开集分类器

不足：仅能处理粗粒度OOD样本带来的影响，忽略了ID/OOD 
样本之间的细粒度差异。面对紧密特征分布边界时性能下降。



Related Work

CoOp

MaPLe

CLIP based method:
CLIP-Adapter/CoOp/PLOT/MaPLe
通常通过计算每种模态全局特征之间的相似
性来进行跨模态交互,忽略了CLIP中局部特征
包含大量与类别语义无关的信息干扰,无法有
效筛选出细粒度任务所需局部关键特征

LoCoOP
面向少样本分类、 OOD 检测等任务设计，
在细粒度开集数据上无法匹配同类别方差较
大，跨类别方差较小的精细区分需求
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Method

Problem Setting

test phase: ID samples

Semantic Filtering Module

coarse prompt

(ID/OOD samples)



Method

Visual-semantic Injection Dual-branch Training



Experiments

Open-set classification balanced accuracy 



Experiments
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OSLOPROMPT: Bridging Low-Supervision Challenges and 
Open-Set Domain Generalization in CLIP



Background

• 传统DG/ODG方法依赖充足训练数据，无法应对稀
缺训练样本+动态未知类的情况
• CLIP-based方法缺乏细粒度开放样本区分能力，无
法应对细粒度开集检测
• Prompt learning的方法对于域无关提示缺乏结构化
知识，低数据下易受误导
• 现有的ODG方法(ODG-CLIP)生成的伪开放样本语义
相关性差，影响清晰的闭集/开集边界构建。



Problem Setting

each class typically having limited samples
（1-shot / 5-shot）

test phase:

target domain’s label set



Method



prompt learning strategy

Domain-specific prompts



prompt learning strategy

Domain-generic prompts



prompt learning strategy

inference: 



Experiments
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Thanks


