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Abstract

We introduce Low-Shot Open-Set Domain Generaliza-

tion (LSOSDG), a novel paradigm unifying low-shot learn-

ing with open-set domain generalization (ODG). While

prompt-based methods using models like CLIP have ad-

vanced DG, they falter in low-data regimes (e.g., 1-shot)

and lack precision in detecting open-set samples with fine-

grained semantics related to training classes. To address

these challenges, we propose OSLOPROMPT, an advanced

prompt-learning framework for CLIP with two core in-

novations. First, to manage limited supervision across

source domains and improve DG, we introduce a domain-

agnostic prompt-learning mechanism that integrates adapt-

able domain-specific cues and visually guided semantic at-

tributes through a novel cross-attention module, besides be-

ing supported by learnable domain- and class-generic vi-

sual prompts to enhance cross-modal adaptability. Sec-

ond, to improve outlier rejection during inference, we clas-

sify unfamiliar samples as “unknown” and train special-

ized prompts with systematically synthesized pseudo-open

samples that maintain fine-grained relationships to known

classes, generated through a targeted query strategy with

off-the-shelf foundation models. This strategy enhances fea-

ture learning, enabling our model to detect open samples

with varied granularity more effectively. Extensive eval-

uations across five benchmarks demonstrate that OSLO-

PROMPT establishes a new state-of-the-art in LSOSDG, sig-

nificantly outperforming existing methods.1

1. Introduction

Domain Generalization (DG) [3] enhances model robust-

ness by training across multiple source domains to enable

generalization to unseen targets. Traditional DG typically

operates within a fully-supervised, closed-set framework,

leveraging abundant labeled data and assuming semantic

1https://github.com/has97/Osloprompt

Figure 1. Harmonic score (H-score) (between known and

novel class performances) comparisons of various CLIP-based

DG/ODG/open-set recognition techniques versus our approach

in LSOSDG setting with one-training example per known class,

demonstrating the improved performances of OSLOPROMPT.

alignment across domains [18, 42, 60]. However, fields

like healthcare often face data scarcity, motivating Few-

Shot DG (FSDG) [36], which extends conventional few-

shot learning [54] in the DG setting. Yet, the closed-set as-

sumption falls short in real-world applications, where mod-

els encounter novel classes dynamically. ODG [4, 43] ad-

dresses this by incorporating mechanisms to reject outliers

during inference but assumes a fully supervised training

regimen, overlooking low-shot scenarios.

To this end, we introduce LSOSDG, a novel paradigm

extending conventional ODG by imposing data scarcity on

training classes (1/5-shot). Unlike domain-adaptive few-

shot open-set learning [31], which relies on predefined

meta-training and meta-testing domains, LSOSDG requires

learning a domain-generic classifier from limited source su-

pervision while detecting outliers at inference without prior

knowledge. This setup is ideal for dynamic, open-world

scenarios—such as autonomous vehicles adapting to shift-

ing conditions or medical diagnostics identifying emerging

diseases—where data is sparse, domain shifts are unpre-

dictable, and new classes appear spontaneously.

Existing CNN-based FSDG models [26, 36] struggle in

LSOSDG due to conflicting supervision requirements. In

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. t-SNE [48] of known-class and pseudo-open samples

generated by ODG-CLIP [46] (left) and our method (right). Our

approach produces fine-grained pseudo-open samples, creating a

sharper closed-open class boundary and enhancing feature learn-

ing, resulting in an improvement over [46] on Mini-DomainNet

[34] (Table 3), significantly boosting open-set detection.

contrast, domain-agnostic prompt learning2 in VLMs like

CLIP [37] shows promise for DG by visual content and

style conditioned prompt learning [5, 45]. However, these

methods are challenged in LSOSDG, where undefined open

spaces and limited supervision hinder visual style discern-

ment and performance (Fig. 1).

ODG-CLIP [46] addresses ODG with a unified

Unknown class prompt and diffusion-generated pseudo-

open training samples for the outlier class. While effective

in ODG, it falters in low-shot settings, akin to [5]. Addi-

tionally, these pseudo-open samples lack the nuanced dis-

tinctions needed to separate visually coherent known and

open-set samples, a notable gap in ODG research (Fig. 2).

Besides, our analysis (Table 3) highlights three main

limitations in current domain-agnostic prompt modeling

for LSOSDG. First, existing methods over-rely on tex-

tual cues, missing the synergy between visual and tex-

tual prompts needed for robust, domain-agnostic features in

multi-domain DG. Effective DG requires learnable visual

prompts to complement textual ones—a frequently over-

looked aspect. Second, DG prompting approaches like

[5, 46] use learnable contexts [62] that lack the structured

knowledge found in manually crafted prompts, as demon-

strated by KG-CoOp [56]; we argue for a hybrid prompt

strategy to reduce misguidance under limited supervision.

Finally, while recent work [9, 21, 29, 35, 47, 55] shows that

attribute-based prompting improves generalization through

class-sharable attributes, these approaches often isolate vi-

sual and textual attributes. Instead, we advocate cross-

referencing visual and textual attributes for richer semantic

explanations of visual objects with a frozen CLIP backbone.

Our contributions: We propose a novel model, Open-Set

LOw-shot PROMPT learning (OSLOPROMPT), to address

these challenges, with two key innovations:

- Fine-grained pseudo-open sample synthesis: Build-

ing on [46], we introduce a novel prompt to classify open

2Domain-agnostic prompts are designed in a way that can be applied to

any unknown target domain without prior knowledge.
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Figure 3. Proposed prompt learning: We develop a novel strat-

egy for learning domain-agnostic prompts with tokens {ν1:q:M},

inheriting context from source-specific prompts enriched with

image-to attributes encodings. Some tokens also integrate knowl-

edge from visual prompts spanning all training domains and

classes. We differ considerably from the DG literature.

samples as Unknown and employ pseudo-open image syn-

thesis to train this prompt. Unlike the generic pseudo-open

sample generation in [46], which struggles with detecting

fine-grained open samples, we propose a controlled syn-

thesis approach where generated pseudo-open samples re-

tain fine-grained semantic discrimination with respect to the

training classes (Fig. 2). This is achieved by strategically

prompting GPT-4o [1] and stable diffusion [40].

- Effective prompt learning in low-data regime: In

OSLOPROMPT, we improve domain-agnostic semantic

prompt learning by addressing two key challenges: enhanc-

ing prompt versatility across domains and categories, and

bridging the visual-semantic gap effectively.

To make them universally applicable, we align the

domain-agnostic prompt’s context tokens with manually

crafted source-domain-specific counterparts enriched with

semantic attribute-based visual encodings. These attributes,

generated by GPT-4o, capture class-specific details and are

further refined through a novel image-to-attributes cross-

attention module. This structured regularization enhances

both domain independence and semantic richness.

To connect visual and semantic information further, we

introduce a multi-modal prompting approach. Here, a learn-

able visual prompt within CLIP’s image encoder captures

diverse source-domain features, which are then used to ini-

tialize some of the tokens in the agnostic prompts. This

setup aligns the prompts more closely with the visual char-

acteristics in the data, supporting better generalization (Fig.

3). In summary, our major contributions are:

[-] We introduce the LSOSDG problem setting, highlight-

ing the limitations of existing DG methods and presenting a

comprehensive solution through OSLOPROMPT.

[-] We enhance prompt generalization using structured reg-

ularization, visually-driven semantic attribute guidance, and

visual prompt learning. Additionally, we propose synthesiz-

ing superior pseudo-open samples to train a versatile outlier

detection strategy through targeted prompting.

[-] We benchmark OSLOPROMPT in LSOSDG setting on

five datasets, backed by thorough ablation studies.
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2. Related Works

DG and FSDG: DG was introduced to address domain

shifts by training models across diverse source domains,

thereby enhancing performance on unseen targets [3, 18,

60]. Beyond traditional methods, recent advancements in

prompt-based approaches within VLMs [5, 7, 15, 44, 46]

have shown considerable improvements in DG. In con-

trast, FSDG [8, 25, 26, 36, 39] aims to generalize with

limited supervision. It relies on transferrable knowledge

from a distinct set of classes, often utilizing meta-learning

and domain-specific adaptation. Nevertheless, we note that

LSOSDG and FSDG follow distinct problem settings.

ODG: ODG extends DG to handle unknown classes dur-

ing inference, a concept initially introduced by [43] using

domain-augmented meta-learning. Unlike Open Set Recog-

nition (OSR) [2, 22] and Open Set Domain Adaptation

(OSDA) [32], ODG faces the unique challenge of operat-

ing in an inductive setting without target domain data dur-

ing training. MEDIC [53] advanced this field by matching

domain and class-wise gradients, while methods like [4] fo-

cus on disentangled feature learning and adversarial sample

synthesis for open-set detection. Prompt tuning in founda-

tion models, such as those based on CLIP, and generaliz-

able prompting techniques [5, 52, 61, 62] have also been

adapted for ODG. However, these methods often struggle

with diverse domains and establishing optimal confidence

thresholds for detecting open samples. ODG-CLIP [46]

introduces an unknown class for the outliers and gener-

ates pseudo-open samples using a diffusion model [40] to

train the respective prompt. Concurrent approaches like [6]

explore style perturbation and knowledge distillation but

generally speaking, all of them face difficulties with fine-

grained differentiation between known and open classes.

VLMs and prompt learning: Vision-Language founda-

tion models such as CLIP [37], ALIGN [16], LiT [59],

FILIP [57], and Florence [58] have made significant strides

in image recognition by leveraging large-scale image-text

pairings to capture rich multi-modal representations. De-

spite their strength in open-vocabulary tasks, adapting these

models to specific challenges while preserving generaliza-

tion remains complex. Approaches like CoOp [62], Co-

CoOp [61], MaPLe [19], PromptSrc [20], and Kg-CoOp

[56] enhance token embeddings for task-specific adaptation,

while recent methods such as [9, 21, 24, 29, 35, 41, 47] in-

corporate textual or visual attributes into prompts to better

generalize from base to novel classes (more discussions in

Sup Mat). Furthermore, [14] explores prompt regulariza-

tion for low-shot training but is limited to typical zero-shot

inference. Contrary to the literature, we introduce a com-

prehensive domain-agnostic and enhanced prompting strat-

egy to handle the nuanced structure of LSOSDG, showing

a more balanced performance on both the known and open-

set classes than other counterparts (Table 1).

3. Proposed Methodology

We consider a scenario with N source domains, each de-

fined as Ds = {(xs
i , y

s
i )}ns

i=1 where xs ∈ Xs are input im-

ages and ys ∈ Ys are the corresponding labels. These do-

mains, denoted by D = {Ds}Ns=1, have unique distributions

(P(Ds) ̸= P(Ds′) for s ̸= s′) and feature a mix of shared

and domain-specific classes, often resulting in class imbal-

ance. Classes across the source domains are collectively

represented by C =
⋃N

s=1 Ys, with each class typically hav-

ing limited samples (e.g., 1-shot or 5-shot). During testing,

the model encounters an unlabeled target domain T with its

dataset Dt = {xt
j}nt

j=1, where P(Dt) differs from P(Ds)
for all source domains. The target domain’s label set, Yt,

includes both known classes, Yknown
t = C, and novel classes

or outliers, Ynovel
t = Yt \ Yknown

t .

To address the LSOSDG challenge, we frame it as a

|C|+1-class classification task within the CLIP framework,

as inspired by [46]. We design prompts for each of the |C|
known classes and an additional Unknown-class prompt

for cohesively classifying outlier instances during infer-

ence, without utilizing open-set knowledge during training.

Our approach, OSLOPROMPT, focuses on two key

strategies: (a) We synthesize robust pseudo-open samples

that are proximal to known classes in the embedding space

to train the Unknown class prompt. This ensures clear

separation and reduces inference ambiguity. (b) We de-

velop a domain-agnostic prompt learning strategy that dis-

tills contexts from structured, hand-crafted domain-specific

prompts with semantic attribute encodings derived from

the visual space, besides utilizing insights from learnable,

domain- and class-generic visual prompts. The detailed ar-

chitecture of OSLOPROMPT is illustrated in Fig. 4. Further

specifics for both methods are provided below.

At the onset, we denote the frozen CLIP text and image

encoders as Ft and Fv , respectively. The textual encodings

for the sth source domain and class label y are represented

as [Domains] and [CLSy].

3.1. Synthesis of fine-grained pseudo-open images

To generate fine-grained pseudo-open samples that are

closely related to known classes, we leverage Stable Diffu-

sion [40], which offers substantial improvements over pre-

vious methods like [4, 28, 60] that used adversarial exam-

ples or manually combined image pairs to craft pseudo-

open samples. By utilizing Stable Diffusion, our approach

maintains domain-specific stylistic coherence and carefully

controls semantic drift from known classes in \protect \mathcal  {C}. This

stylistic consistency is essential for accurately distinguish-

ing between closed and open classes; unmanaged style vari-

ations can lead models to mistake domain shifts for class

differences—a limitation seen in prior methods [4, 60].

Unlike [46], which uses generic prompts in Stable Dif-

fusion to generate out-of-support images as pseudo-open
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Curved body, Sound-hole mane, etc.}
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Figure 4. Working principles of OSLOPROMPT. (a) Fine-grained pseudo-open samples Dopen are generated using stable diffusion with

pseudo-open class names Copen from GPT-4o. (b) GPT-4o generates attributes for each class in C. (c) OSLOPROMPT learns domain-

agnostic prompts using tokens ν1:M. The first q tokens follow [62], while tokens q + 1 to M are initialized via learnable visual prompts,

and transformed through a projector Projvt. Domain-agnostic prompts are regularized by domain-specific prompts enhanced with visually-

guided semantic attributes, encoded through a cross-attention module with parameters (wk,wv,wq). The model is trained with a context

alignment loss Lalign, along with visual-textual classification losses, handling known class samples for domain-specific prompts with D
(Ldom-spec

ce ) and both known and pseudo-open class samples for domain-agnostic prompts with Daug (Ldom-gen
ce ).

samples—often yielding semantically irrelevant images—

our method enables controlled pseudo-open sample gener-

ation. The approach in [46] risks producing images that

inadequately define decision boundaries, thus limiting the

classifier’s precision in segregating nuanced open-set sam-

ples from the known classes (Fig. 6).

To achieve this controlled generation, we first curate a set

of pseudo-open class names, \protect \mathcal  {C}^{\text {open}}, derived from \protect \mathcal  {C} (see Sup

Mat for examples) to ensure similarity yet distinctiveness,

guided by a targeted GPT-4o prompt:

“Generate semantic category names

closely related but visually distinct from

classes in C.”

For each class in \protect \mathcal  {C}^{\text {open}}, we use Stable Diffusion to syn-

thesize images in the chosen source-domain-specific style

(Sketch, Clipart, etc.), using prompts such as:

“Generate images in the style of [Do-

main] depicting [class from \protect \mathcal  {C}^{\text {open}}].”

Dopen denotes the synthesized images in this way. Fur-

thermore, we introduce the augmented source dataset, Daug

by combining D with Dopen.

3.2. Proposed prompt learning strategy

Our domain-agnostic semantic prompt-learning framework

is structured around three core concepts:

First, we implement a multi-modal prompting approach

that enhances CLIP’s capacity to learn visual abstractions

invariant to domain and class distinctions, supporting robust

DG. These learnable visual prompts also serve to initialize

portions of the domain-agnostic prompts, improving feature

encoding and reducing style biases. Second, we align the

domain-agnostic prompt’s contexts with those of the man-

ually crafted, domain-specific prompts applied across all

source domains in \protect \mathcal  {D}. While these domain-specific prompts

capture unique domain features, their adaptability is limited

by static design. Third, to address this limitation, we enrich

the domain-specific prompts with visually guided class at-

tribute encodings. Using a cross-attention mechanism, each

image is represented as a combination of class attributes

generated by GPT-4o, enabling the prompts to capture de-

tailed visual semantics and improve versatility across do-

mains. We detail these paradigms in the following.

(i) Proposed generic visual prompting: We incorporate

the visual prompting strategy from [17] within the visual

encoder Fv . For images in the augmented dataset Daug, ad-

ditional visual prompts, denoted as \protect \mathbf  {{Prompt}_v} = \{p_v^{1:m}\}  
with m tokens, are introduced at the first ViT layer of Fv

(denoted as F1
v ) alongside the initial image patch embed-

dings (E0). The forward pass through Fv is defined as:

 \centering [c_1, \_ , E_1] = \mathcal {F}_v^1([c_0, \mathbf {{Prompt}_v}, E_0])    
   (1)

 \centering [c_l, E_l] = \mathcal {F}_v^l([c_{l-1}, E_{l-1}]), \quad l = 2, 3, \dots    
         (2)

Here, c_l denotes the conventional learnable token em-

bedding of ViT after the lth layer, and [:, :] represents stack-

ing and concatenation. The influence of the learned prompts

Promptv is thereby integrated into any subsequent for-

ward pass of Fv(x) during evaluation.

(ii) A novel image-to-semantic attributes connection, im-

proving the domain-specific prompts: We begin by defin-

ing a general formulation for manually curated, domain-

specific prompts for each source domain  s \in [1, \mathcal {N}]    and

its respective classes  y^s \in \mathcal {Y}_s   :
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  \mathbf {{Prompt}_s^{y^s}} = ``\textit {[$\text {Domain}_s$] of a [$\text {CLS}_{y^s}$]}" 


      (3)

To enrich these prompts under limited supervision, we

inject fine-grained, attribute-level knowledge into them;

however, moving beyond static prompts with class descrip-

tions [29], which often overlook the visual space, we seek

to model the attribute’s distributions within the images.

This leads to our attribute-based image encoding scheme.

Specifically, for each class  y^s , we define a set of \protect \mathcal  {B} domain-

invariant attributes  \mathcal {A}_{y^s} = [a_{y^s}^1, a_{y^s}^2, \dots , a_{y^s}^{\mathcal {B}}]            , generated

via GPT-4o with a structured prompt:

“Generate \protect \mathcal  {B} distinguishable attributes

for the category [CLS] in an image.”

These attributes, consistent across domains, capture de-

tailed semantic cues. For instance, generated attributes for

Dog include Fur, Snout, Tail, Paw Pads (Fig. 4; additional

details in Sup Mat).

To integrate these attributes into visual encoding, we use

a cross-attention mechanism that enriches each image-label

pair  (x^s,y^s) \in \mathcal {D}_s     with class-specific attributes  \mathcal {A}_{y^s}  . Here,

image features  \mathcal {F}_v(x^s) 
 act as the query, while semantic at-

tributes  \mathcal {F}_t(\mathcal {A}_{y^s})  serve as keys and values, with learnable

projections  \mathbf {w_q} ,  \mathbf {w_k} , and  \mathbf {w_v}  applied to obtain transformed

representations Fq
v (),Fk

t (),Fv
t (). The attribute-enhanced

embedding for class  y^s  in image  x^s  is computed as:

  \mathcal {A}'_{y^s}(x^s) = \operatorname {Softmax}\left [\frac {\mathcal {F}^q_v(x^s)\mathcal {F}^k_t(\mathcal {A}_{y^s})^T}{\sqrt {d}}\right ] \mathcal {F}^v_t(\mathcal {A}_{y^s})\label {eq:ca} 
 











  (4)

To obtain a class-agnostic encoding, we compute an av-

erage across classes:

  \mathcal {A}''(x^s) = \frac {1}{|\mathcal {Y}_s|} \sum _{{y^{s'}} \in \mathcal {Y}_s} \mathcal {A}'_{y^{s'}}(x^s) 










 (5)

The final domain-specific prompt combines the base

prompt  \mathbf {{Prompt}_s^{y^s}} 


 with this averaged attribute embedding

 \mathcal {A}''(x^s)  through token-wise addition:

  \overline {\mathbf {{Prompt}_s^{y^s}}}(x^s) = \mathbf {{Prompt}_s^{y^s}} + \mathcal {A}''(x^s) 


  


  (6)

The resulting prompt,  \overline {\mathbf {{Prompt}_s^{y^s}}}(x^s) 


 , is dynamic and

discriminative, capturing nuanced visual variations beyond

the static base prompt  \mathbf {{Prompt}_s^{y^s}} 


 and enhancing domain-

agnostic prompts substantially.

We train these prompts using a visual-textual contrastive

objective:

  \text {\footnotesize $ \mathcal {L}_{\text {ce}}^{\text {dom-spec}} = \operatorname *{min}_{\substack {\mathbf {w^q}, \mathbf {w^k} \hspace {0.2cm} \\ \mathbf {w^v}, \mathbf {Prompt}_v}} \sum _{s=1}^{\mathcal {N}} \mathbb {E}_{(x^s,y^s) \sim \mathcal {P}(\mathcal {D}_s)} \left [-\log p(y^s | x^s)\right ]$ } \label {eq:ce} 

 












  

(7)

where the probability  p(y^s | x^s)  is computed based on co-

sine similarity  \delta and a temperature parameter  \tau :

  \begin {aligned} \text {\footnotesize $ p(y^s | x^s) = \frac {\exp \left (\delta \left (\mathcal {F}_t\left (\overline {\mathbf {Prompt}_s^{y^s}}(x^s)\right ), \mathcal {F}_v(x^s)\right ) / \tau \right )} {\sum \limits _{y^{s'} \in \mathcal {Y}_s} \exp \left (\delta \left (\mathcal {F}_t\left (\overline {\mathbf {Prompt}_s^{y^{s'}}}(x^s)\right ), \mathcal {F}_v(x^s)\right ) / \tau \right )} $} \end {aligned} \label {eq:compact} 






















































(8)

(iii) Domain-generic prompt learning: Our objective is to

learn domain-agnostic prompts, e.g.  \mathbf {{Prompt}_{\text {gen}}^y}  for class

 y , covering both known classes in  \mathcal {C} and the Unknown

class in  \mathcal {D}^{\text {aug}} . Full context learning for  \mathbf {{Prompt}_{\text {gen}}}  as in

[62] is insufficient, as it neglects visual cues. Additionally,

since  \mathbf {{Prompt}_{\text {gen}}}  addresses outliers without pre-defined

class names or attributes, the attribute-based conditioning

of Eq. 4 is ineffective. To address this, we propose a novel

enrichment strategy for  \mathbf {{Prompt}_{\text {gen}}} .

Precisely, a subset of context tokens within  \mathbf {{Prompt}_{\text {gen}}} 

is initialized by projecting knowledge from the learnable

visual prompt,  \mathbf {{Prompt}_v} . Unlike existing methods [61]

that rely on frozen per-image features extracted from Fv for

conditioning the learnable prompts, risking the introduction

of image-specific artifacts that can degrade prompt quality

and affect performance (Table 3), our  \mathbf {{Prompt}_v}  is shared

across all visual entities. This shared structure provides

a more comprehensive and domain-independent source of

knowledge. Formally,  \mathbf {{Prompt}_{\text {gen}}^y}  is defined as:

  \mathbf {{Prompt}_{\text {gen}}^y} = [\nu _{1:q}] [\text {Proj}_{vt}(\mathbf {{Prompt}_v})]_{q+1:\mathcal {M}} [\text {CLS}_y]  
(9)

Where  \{\nu _{1:q}\}  are the  q directly learnable context tokens

in  \mathbf {{Prompt}_{\text {gen}}} , and  [\text {Proj}_{vt}(\mathbf {{Prompt}_v})]_{q+1:\mathcal {M}}  are the to-

kens derived from the learnable visual prompts through the

projector function  \text {Proj}_{vt} , and  \mathcal {M} denotes the total context

length, which is similar to the that of Prompts.

Two main objectives drive the training of these domain-

agnostic prompts:

- Proposed context alignment loss: We aim to align

the context tokens of  \mathbf {{Prompt}_{\text {gen}}}  with those of all domain-

specific prompts  \{\overline {\mathbf {{Prompt}_s}}\}_{s=1}^{\mathcal {N}}  over the source domains.

This alignment allows  \mathbf {{Prompt}_{\text {gen}}}  to inherit domain-

specific attributes and fine-grained semantic knowledge in

the context tokens better, enabling it to generalize effec-

tively. The alignment loss is defined as:

 \mathcal {L}_{\text {align}} = \underset {\substack {\{\nu _{1:q}\}, \mathbf {w^q}, \mathbf {w^k}, \mathbf {w^v}, \\ \text {Proj}_{vt}, \mathbf {{Prompt}_v}}}{\min } \; \;\underset {s=1}{\overset {\mathcal {N}}{\sum }} \; \underset {(x^s, y^s) \in \mathcal {P}(\mathcal {D}_s)}{\mathbb {E}} \; \; \Big [ 1 - \\ \operatorname {cosine} \big ( \mathcal {F}_t (\mathbf {{Prompt}_{\text {gen}}^{y^s}}), \mathcal {F}_t (\overline {\mathbf {{Prompt}_s^{y^s}}}(x^s)) \big ) \Big ] 































(10)

- Supervised visual-textual contrastive loss: We fur-

ther refine the domain-agnostic prompts using a supervised

visual-textual contrastive framework, supplemented by a
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Table 1. Comparative analysis across five datasets in the 1-shot(top) and 5-shot (bottom) LSOSDG setting, reporting both the average

closed-set accuracy (Acc) and H-score over all domain combinations, following a leave-one-domain-out protocol. Best performance in

bold and the second-best in Red. Results on the domain combinations are mentioned in Sup Mat.

Methods CLIP-based Venue
PACS VLCS OfficeHome Multi-Dataset Mini-DomainNet Average

Acc H-score Acc H-score Acc H-score Acc H-score Acc H-score Acc H-score

CLIP + OpenMax (OSR) [2] ✓ CVPR’16 20.24 31.97 20.59 31.83 20.00 32.64 11.74 20.87 16.92 28.05 17.90 29.07

CLIPN (OSR) [52] ✓ ICCV’23 64.03 55.79 25.34 19.49 44.18 32.83 39.84 36.28 47.63 40.91 44.20 37.06

MORGAN (FS-OSR) [30] × WACV’23 37.40 19.06 31.35 27.22 19.21 18.51 30.00 37.26 22.40 15.70 28.07 23.55

STYLIP (DG + OSR) [5] ✓ WACV’24 74.89 60.99 27.94 34.61 52.34 21.95 51.50 47.64 59.44 57.46 53.22 44.53

PromptSRC (DG + OSR) [20] ✓ ICCV’23 35.72 27.09 24.98 20.04 22.02 14.85 30.16 31.18 25.20 20.44 27.62 22.72

2LM (FSDG + OSR) [36] × CVPR’23 35.22 21.42 31.61 28.76 21.30 13.60 29.73 34.80 24.50 17.75 28.47 23.27

ODG-Net (ODG) [4] × TMLR’23 34.82 21.67 32.33 29.17 20.47 11.45 29.16 29.40 22.05 19.08 27.77 22.15

MEDIC (ODG) [53] × ICCV’23 33.91 21.40 32.94 26.28 21.31 11.75 30.35 33.11 23.73 19.05 28.45 22.32

SCI-PD (ODG) [6] ✓ CVPR’24 23.40 25.84 19.88 19.60 35.27 44.31 16.95 19.18 16.25 23.33 22.35 26.45

ODG-CLIP (ODG) [46] ✓ CVPR’24 68.89 75.56 52.43 54.70 48.69 52.93 63.74 69.53 61.05 65.50 58.96 63.64

OSLOPROMPT (Ours) ✓ - 92.71 94.86 78.89 76.89 69.73 64.04 76.30 74.49 69.00 67.57 77.32 75.57

Methods CLIP-based Venue
PACS VLCS OfficeHome Multi-Dataset Mini-DomainNet Average

Acc H-score Acc H-score Acc H-score Acc H-score Acc H-score Acc H-score

CLIP + OpenMax (OSR) [2] ✓ CVPR’16 68.75 80.98 66.25 74.74 35.59 49.28 56.59 68.84 32.46 48.20 51.93 64.41

CLIPN (OSR) [52] ✓ ICCV’23 78.04 71.14 32.92 27.95 47.94 40.33 46.50 39.23 55.78 48.53 52.24 45.44

MORGAN (FS-OSR) [30] × WACV’23 46.27 24.06 42.16 38.70 36.20 18.63 35.47 42.80 37.81 27.06 39.58 30.25

StyLIP (DG + OSR)[5] ✓ WACV’24 80.10 70.01 45.78 48.93 61.87 42.46 54.58 49.76 64.03 60.68 61.27 54.37

PromptSRC (DG + OSR) [20] ✓ ICCV’23 46.86 30.23 36.16 32.36 31.10 20.35 35.68 38.12 36.37 31.32 37.24 30.28

2LM (FSDG + OSR) [36] × CVPR’23 46.70 24.06 41.67 37.36 29.38 18.95 35.04 35.38 38.43 28.70 38.24 28.89

ODG-Net (ODG) [4] × TMLR’23 46.66 25.92 43.05 37.71 34.52 15.96 34.20 36.93 39.95 23.72 39.68 28.05

MEDIC (ODG) [53] × ICCV’23 44.88 25.05 40.53 35.56 30.40 18.45 35.42 36.26 36.95 30.60 37.64 29.18

SCI-PD (ODG) [6] ✓ CVPR’24 35.16 34.53 30.11 30.48 32.98 42.50 32.20 28.89 21.25 30.57 30.34 33.39

ODG-CLIP (ODG) [46] ✓ CVPR’24 83.65 88.16 62.93 56.89 55.32 49.31 74.40 76.14 74.38 65.49 70.14 67.20

OSLOPROMPT (Ours) ✓ - 93.72 95.01 79.04 77.34 75.33 62.08 79.75 80.05 74.52 66.58 80.47 76.21

cross-entropy loss  \mathcal {L}_{\text {ce}}^{\text {dom-gen}} 
 over the augmented dataset  \mathcal {D}^{\text {aug}} 

similar to Eq. 7. This training aims to enhance the separa-

tion between known classes and pseudo-open samples.

The total loss to train OSLOPROMPT is,

 \centering \mathcal {L}_{\text {total}} = \mathcal {L}_{\text {ce}}^{\text {dom-gen}} + \mathcal {L}_{\text {ce}}^{\text {dom-spec}} + \mathcal {L}_{\text {align}}  
 

   (11)

During inference, for an input  x^t  from the target domain

 \mathcal {D}_t , the model classifies  x^t  by maximizing the cosine simi-

larity between  \mathcal {F}_v(x^t) 
 and  \mathbf {{Prompt}^{y^t}_{\text {gen}}} 



:

  \centering \overline {y}^{t} = \underset {y^t \in \mathcal {C} \cup \texttt {Unknown}}{\text {argmax}} p(y^t|x^t, \mathcal {F}_v, \mathcal {F}_t, \mathbf {{Prompt}_{\text {gen}}^{y^t}})  





 (12)

Pseudo-code of the pipeline is mentioned in Sup Mat.

4. Experimental Evaluations

Datasets: We evaluate OSLOPROMPT on five benchmark

datasets: Office-Home [50], PACS [23], VLCS [10], Mini-

DomainNet [34], and Multi-Dataset [43], following stan-

dard known-novel class splits [43, 46], but considering one

and five training samples per class. Further details regarding

the splits are mentioned in the Sup Mat. We also consider

the ImageNet suite [61, 62] for evaluating the closed-set DG

performance in the low-shot setting.

Architecture details: For all CLIP-based models including

ours, ViT-B/32 is employed as the visual backbone Fv , with

a Transformer [49] serving as Ft. We use the official imple-

mentations for the available methods, while implementing

[36] on our own. For [30], which was originally designed

with 3D-CNN, we re-implement with the ResNet-50 based

backbone [11] to accommodate the RGB datasets.

Training and evaluation: Training is performed over 10

epochs with the AdamW optimizer [27]. Batch sizes are

set per dataset: 6 for PACS/VLCS, 9 for Office-Home,

Multi-Dataset, and Mini-DomainNet, with each batch in-

corporating three pseudo-open samples from each source

domain. All CLIP-based methods use a textual prompt con-

text length M = 4 and a visual prompt context length

m = 2. In Promptgen, two tokens are initialized from

Promptv, while the other two are initialized randomly.

Projvt is implemented as a meta-net similar to the one in

[61], with B = 4 attributes per class added into A. For

domain-specific prompts, domain names are used directly

where available. For VLCS and Multi-Dataset, prompts are

formatted as [Photo] of a [CLS]. We filter out im-

ages with very low entropy of the grey-value distributions

(≤ 0.2) as these images are irrelevant. We evaluate us-

ing two metrics under the leave-one-domain-out protocol

[46]: a) top-1 accuracy (Acc) for closed-set classes, and b)

the harmonic mean (H-score) for combined closed-set and

open-set performance. Results are averaged over three runs.

Competing methods: Given the absence of existing

LSOSDG methods in the literature, we design the follow-

ing baselines: Open-Set Recognition (OSR) and Few-

Shot OSR methods: We include CLIP + OpenMax [2],

CLIPN [52], and MORGAN [30]. FSDG methods: We

integrate the FSDG method [36] with OSR [2] capabili-

ties. CLIP-based closed-set DG + OSR methods: This in-

cludes PromptSrc [20] and STYLIP [5] with an Unknown-
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Table 2. Comparative analysis of 1-shot closed-set DG perfor-

mance on the ImageNet benchmark using ViT-B/32.

Methods Source Target Average

ImageNet IN-V2 IN-Sketch IN-A IN-R Average

CoOp [62] 63.8 56.5 41.4 31.4 66.8 49.02

CoCoOp [61] 64.4 56.4 41.0 32.1 66.7 49.05

KgCoOp [56] 64.2 56.2 41.7 31.4 67.7 49.25

MaPLe [19] 64.2 56.7 41.7 32.0 67.7 49.52

StyLIP [5] 64.0 56.6 40.9 31.7 66.7 48.98

ODG-CLIP [46] 61.3 53.1 38.7 28.9 63.5 46.05

OSLOPROMPT 64.2 56.5 42.0 32.1 68.2 49.70

class prompt like ours3. Existing ODG techniques: We

evaluate both CLIP and non-CLIP based methods such as

[4, 6, 46, 53]4. In the ImageNet experiments, we bench-

mark against existing CLIP-based prompting techniques

[5, 19, 46, 56, 61, 62] More details on the implementations

are mentioned in Sup Mat.

Table 3. Ablation analysis for Office-Home (O.H.) and Mini-

DomainNet (M.DNet) in a 1-shot setting on H-score. Details about

these implementations are mentioned in Sup Mat.

Methods O.H. M.DNet

Analysis of domain-specific prompts

✓ Manual prompting: Domain of a CLS 59.33 65.88

✓ Manual prompting with image conditioning 62.96 67.27

✓ Manual prompting expanded with ad-hoc

attributes from A [29]

60.69 63.82

✓ Manual prompting with ad-hoc attributes

and image conditioning

62.16 65.11

✓ Visual attributes learning [21] 58.35 60.57

✓ Proposed cross-attention approach 64.04 67.57

Analysis of domain-agnostic prompts

✓ Full context learning [62] 60.81 53.43

✓ Image-cond. context learning [61] 63.10 59.61

✓ Proposed multi-modal prompting 64.04 67.57

Sensitivity to the number of attributes per class in A
✓ 4 64.04 67.57

✓ 8 63.97 66.36

✓ 12 63.79 65.14

Importance of the loss terms

✓ Ldom-gen
ce (no domain-specific guidance) 62.51 63.86

✓ Ldom-gen
ce + Ldom-spec

ce (partial

domain-specific guidance)

62.52 65.56

✓ L
dom-gen
ce + L

dom-spec
ce + Lalign 64.04 67.57

Pseudo-open image synthesis

✓ Generic sample generation of [46] 41.09 49.07

✓ Mixup-based [28] pseudo-open images 57.26 64.85

✓ Our fine-grained sample generation 64.04 67.57

3The conventional prompting techniques like [19, 56, 61, 62] overfit

the known classes, failing in general on the open-set detection. We do not

report them in the tables.
4We did not compare with [33] as it requires training samples from all

classes in all domains, unlike our setting that has no such constraint.

4.1. Discussions on the main results

Tables 1 shows that OSLOPROMPT consistently outper-

forms all competing methods in 1-shot and 5-shot set-

tings. Non-CLIP-based models [4, 30, 36, 53] struggle with

closed-set accuracy and open-sample classification, leading

to lower H-scores. While CLIP-based methods [5, 6, 20, 52]

improve on these metrics, they still face challenges in gen-

eralization and open-set detection, with STYLIP achieving

the highest H-scores among them at 44.53% (1-shot) and

54.37% (5-shot). ODG-CLIP [46], the strongest competitor,

achieves H-scores of 63.64% (1-shot) and 67.20% (5-shot),

yet still lags behind OSLOPROMPT.

OSLOPROMPT attains average H-scores of 75.57% (1-

shot) and 76.21% (5-shot) across five datasets, outperform-

ing ODG-CLIP by 11.93% (1-shot) and 9.01% (5-shot),

respectively. Although 5-shot performance generally im-

proves, in Mini-DomainNet and Office-Home, open-set per-

formance dips slightly, likely due to fine-grained distinc-

tions causing mild overfitting, causing the H-score to de-

crease by 1 − 2% than those of the 1-shot cases. Nonethe-

less, these consistent gains underscore OSLOPROMPT’s su-

perior generalization with limited data.

Additionally, we evaluated various prompting meth-

ods on the ImageNet suite [61, 62] for single-source

multi-target DG, using a single training sample per

class from ImageNet and testing on ImageNet-v2

[38], ImageNet-Sketch [51], ImageNet-A [13],

and ImageNet-R [12]. This closed-set evaluation

used a generic domain-specific prompt [Photo] of a

[CLS], limiting the advantages of our context distillation

objective Lalign. Notwithstanding this fact, as shown in Ta-

ble 2, OSLOPROMPT outperforms competing methods in

three of four target domains, with an average performance

of 49.70%, 0.18% higher than the second-best method.

4.2. Main ablation analysis

Our comprehensive ablation analysis, outlined in Table

3, evaluates the impact of various components of our

methodology across two datasets, Office-Home and Mini-

DomainNet, in a 1-shot scenario. Further ablation analysis,

specifically analysis of the context lengths and visualiza-

tions, are mentioned in the Sup Mat.

- Analysis of domain-specific prompts: To validate

our attribute-enriched domain-specific prompts, we com-

pared them to several alternatives: manual static prompts,

expanded static prompts with class-wise attributes from A
following [29], static prompts augmented with image fea-

tures from Fv , image conditioning within attribute-based

static prompts, and the integration of visual attribute learn-

ing [21]. Our approach, which aligns visual embeddings

with weighted semantic attributes, outperformed all others,

exceeding the next best (image-conditioned static prompts)

by 1.08% on Office-Home and 0.30% on Mini-DomainNet.
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(a) (c)(b) (d)

Figure 5. (a) Comparison of the cosine similarity between image and prompt embeddings from Fv and Ft under CLIP image feature

conditioning and our proposed semantic attribute-driven encoding on the domain-specific prompts on PACS, showing improved image-

prompt alignment with our approach. (b) Sensitivity of ODG-CLIP [46] and OSLOPROMPT to the number of training samples per

class on PACS. (c) Openness sensitivity of OSLOPROMPT and ODG-CLIP in the 1-shot Office-Home case for different known and novel

class ratios. (d) Comparison of trainable parameters between ODG-CLIP and our method.

Figure 6. Pseudo-open images generated by ODG-CLIP [46] are highly coarse-grained in relation to the known classes. While CuMix

[28] provides improved fine-grained details compared to ODG-CLIP, it still lacks proper semantic coherence. Our pseudo-open image

generation achieves a fine-grained level of detail, maintaining both semantic relevance and class-specific granularity (for PACS).

Fig. 5 (a) illustrates the qualitative improvements of at-

tribute guidance over full image-feature conditioning for

image-prompt alignment.

- Analysis of domain-agnostic prompts: Among

domain-agnostic prompt learning methods, our strat-

egy—combining contexts from learnable visual prompts

with directly learnable tokens—outperforms both full-

context learning from initialization “Photo of a” [62]

and image-conditioned full-context learning of [61]. This

highlights the benefit of embedding generic visual insights

into agnostic prompts, yielding approximately 8% improve-

ment on Mini-DomainNet on H-score.

- Attribute count per class in A: Optimizing the at-

tribute count to four per class in A balances detail and

model complexity, outperforming configurations with eight

and twelve attributes. For Mini-DomainNet, four attributes

yield 1.21% better performance than eight.

- Sensitivity to loss terms: Excluding Ldom-spec
ce and

Lalign from the total loss results in nearly an 3.71% H-

score drop on Mini-DomainNet, underscoring domain-

specific guidance’s importance. Including Ldom-spec
ce along-

side Ldom-gen
ce , thus enabling domain-specific gradient up-

dates for Promptv, enhances performance by about 1.7%
over the baseline. Lalign further improves results by 2.01%.

- Sensitivity to varying shots and known-to-novel

class ratios: As shown in Fig. 5 (b), our method sus-

tains high H-scores as the number of training samples per

class increases from 1 to 16, beating ODG-CLIP consis-

tently. Additionally, Fig. 5 (c) illustrates the sensitivity of

ODG-CLIP and OSLOPROMPT to varying ratios of open-

to-closed classes, or openness. Our method consistently

surpasses ODG-CLIP across a broad range of openness.

- Pseudo-open image generation (Fig. 6): Replacing

our pseudo-open image generation with the coarse-level ap-

proach from [46] led to a 22.95% and 18.5% decrease in

H-score across both datasets, highlighting the importance

of a precise closed-open decision boundary in LSOSDG.

While CuMix [28], which combines random image regions

to form pseudo-open samples, produces finer results than

[46] given the fact that the mixed images are not wildly di-

vergent from the originally known set of classes, it still trails

our approach by 6.78% and 2.72% in H-score. More visual

results are shown in Sup Mat.

- Model complexity: Fig. 5 (d) illustrates the compu-

tational efficiency of OSLOPROMPT compared to ODG-

CLIP. Overall, ODG-CLIP has 142M model parameters,

contrary to 127M of ours. Amongst them, 16.3M parame-

ters are trainable for ODG-CLIP while it is 1.21M for ours.

5. Conclusions
This paper introduces the LSOSDG problem setting and

presents OSLOPROMPT as an effective solution. Our ap-

proach integrates a domain-agnostic prompt learning strat-

egy with structured regularization through ad-hoc domain-

specific prompts, enriched by image-to-semantic attribute

encoding and generic visual prompts, enabling low-shot

generalization and robust outlier detection. To enhance

fine-grained outlier detection, we introduce a controlled

mechanism for synthesizing pseudo-open samples by se-

lectively querying diffusion models. OSLOPROMPT con-

sistently outperforms other methods across benchmarks.

Future work will extend OSLOPROMPT to broader open-

world applications, including structured prediction tasks.
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