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1 Preliminaries on CLIP
CLIP [7] is a pre-trained vision-language (V-L) model which has a vision and text encoder.
The text encoder is a transformer and the vision encoder is either ResNets [2] or the vision
transformer (ViT) [1]. Following existing prompting methods [3, 4, 12, 13], we focus on
ViT-based CLIP model. The image encoder decomposes the image I into M non-overlapping
fixed-size patches. Each patch is mapped to a patch embedding P0 ∈ RM×dp , where dp de-
notes the dimension of the embeddings. These patch embeddings are sequentially processed
through the K transformer layers along with the learnable class (CLS) token. At each layer
i, the patch embeddings Pi−1 are augmented with a learnable class token ci−1, forming the
input for the next transformer block Ti:

[ci,Pi] = Ti([ci−1,Pi−1]), i = 1,2, ...K. (1)

The output of the final transformer block is the class token cK , which is then mapped to a
high-dimensional image feature representation V using a projection function:

V = ImageProj(cK), (2)
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where V ∈ Rdv and dv is the dimensionality of the image representation. The text encoder
processes the tokenized words by mapping them to embeddings E0 = [e1

0,e
2
0, ..,e

N
0 ] ∈RN×dt ,

where N is the number of tokens and dt is the embedding dimension. These embeddings
undergo K transformer layers, with each layer updating the embeddings through a function
Si,

Ei = Si(Ei−1), i = 1,2, ..K. (3)

The final word embeddings corresponding to the last token of the final transformer block are
projected into a shared embedding space, generating the final text representation U :

U = TextProj(eN
K), (4)

where U ∈ Rdv .
For zero-shot classification, each class y ∈ {1,2, ..,C} is associated with a natural lan-

guage prompt (e.g., "a photo of a dog"). For a given image I with its corresponding represen-
tation V , the predicted class ŷ is obtained by calculating the normalized similarity between
the image and all class prompts. The probability of predicting a class ŷ given an image I is
expressed as:

p(ŷ|V ) =
exp(cos(V,Uŷ)/τ)

∑
C
i=1 exp(cos(V,Ui)/τ)

, (5)

where cos(V,Ui) represents the cosine similarity between the image representation V and the
class text embedding Ui, and τ is a temperature parameter that controls the sharpness of the
similarity scores.

2 Experimental Setup
Datasets. We evaluate our proposed method on three benchmark image classification datasets:
Office-Home [8], DomainNet [6], MiniImageNet/CUB[9, 10]. Office-Home is a large-scale
dataset for visual cross-domain classification with four distinct domains. For our experi-
ments, we only choose Real-World and Clipart domains. DomainNet is a large-scale cross-
domain benchmark with 345 classes and six domains. Following [5], we evaluate our method
on the following source-target combinations: Clipart to Painting, Real to Clipart, and Real
to Painting. MiniImageNet is a benchmark dataset derived from the larger ImageNet dataset
and contains a subset of 100 classes. CUB (Caltech-UCSD Birds) consists of fine-grained
bird species classification. MiniImageNet/CUB focuses on the generalization capability of
a model from a diverse but generic dataset (MiniImageNet) to a specialized, fine-grained
dataset (CUB).

Training and Evaluation Protocol. We take inspiration from the evaluation protocol in
[5]. We assume that four samples per class are available in the source domain and one sample
per class in the target domain during fine-tuning. We fine-tune our model using the support
dataset for 25 epochs using Adam [21] with a learning rate of 0.002, and a batch size of 32.
All images are resized to 224x224 pixels. Due to the scarcity of data in the target domain, we
employ standard data augmentation techniques, including random horizontal flips, random
cropping. In all of our experiments, we utilize the CLIP model with Vit-B/32 as its image
encoder. To ensure a fair evaluation, we report the average performance across 10 distinct
runs for each dataset and each method.

Baselines. We compare our method with state-of-the-art prompt learning baselines such
as CoCoOp [12], CoOp [13], KgCoOp [11], MaPLe [3], and PromptSRC [4]. For further
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Figure 1: Density plot using the maximum logit scores generated by the models: (a) MaPLe
(b) Ours. The figure is generated using Office-Home dataset.
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Figure 2: Effect of the number of shots in the target domain. Our method outperforms other
state-of-the-art approaches by a significant margin, especially in the lower shot region.

comparison, we also include a recently introduced non-CLIP-based method called DAFOS-
NET [5].

Metrics. As we focus on distinguishing known samples from unknown samples in both
the source and target domains in addition to detection accuracy, we use two metrics to eval-
uate the performance of our method. Accuracy for recognition capability and area under
the receiver operating characteristic curve (AUROC) to identify the open set samples. AU-
ROC measures the model’s ability to distinguish between known and unknown classes under
varying decision thresholds. A higher AUROC indicates better open-set recognition per-
formance, reflecting the model’s robustness in correctly identifying samples from novel or
unseen categories. To evaluate the model’s performance across domains, we calculate the
individual scores for each domain and report the harmonic mean of these scores. The har-
monic mean provides a balanced measure, ensuring that the reported performance reflects
both domains equally and penalizes large disparities between the two.

3 More Results
Figure 1 demonstrates the effectiveness of the maximum logit scores in detecting the open-
set sample. Overall, the results validate the contributions of our method’s components and
design choices.
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Figure 2 illustrates the performance of various prompt-based methods with varying num-
bers of examples per class (shots) in the target domain during fine-tuning. All methods show
an overall increasing trend in both accuracy and AUROC as the number of shots increases.
This is expected as more training data generally leads to better learning opportunities for the
model. Our method provides consistent improvements over existing methods, particularly
in the lower-shot regimes. The performance gap between methods seems to decrease as the
number of shots increases. This suggests that with sufficient training data, the differences
between methods may become less pronounced.

4 Attributes

We generated the discriminative attribute using GPT-3.5 models. The prompt used to gener-
ate them was giving some discriminative attributes of the following class names’. We present
some of the generated attributes below.
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{
’ a l a rm c l o c k ’ : ’ c i r c u l a r o r s q u a r e face , l a r g e numbers , c l o c k hands ’ ,
’ backpack ’ : ’ r e c t a n g u l a r o r o v a l shape wi th a hand le , s t r a p s f o r s h o u l d e r s , z i p p e r s , p o c k e t s , b u c k l e s ’ ,
’ b a t t e r i e s ’ : ’ c y l i n d r i c a l shape , p o l a r i t y i n d i c a t o r s , b rand or l a b e l mark ings ’ ,
’ bed ’ : ’ l a r g e f l a t s u r f a c e wi th r e c t a n g u l a r frame , headboa rd and / o r f o o t b o a r d , e l e v a t e d o f f t h e ground ’ ,
’ b i k e ’ : ’ two wheels , f rame wi th p e d a l s , h a n d l e b a r s , c h a i n and g e a r sys tem ’ ,
’ b o t t l e ’ : ’ c y l i n d r i c a l shape o r f l a s k − shaped or b e l l −shaped , w i th a neck and cap ’ ,
’ b u c k e t ’ : ’ c y l i n d r i c a l shape wi th an open top , h a n d l e f o r c a r r y i n g ’ ,
’ c a l c u l a t o r ’ : ’ number pad wi th f u n c t i o n keys , r e c t a n g u l a r shape , d i s p l a y s c r e e n f o r numbers ’ ,
’ c a l e n d a r ’ : ’ g r i d l a y o u t , o f t e n shows numbers a s months and days ’ ,
’ c a n d l e s ’ : ’ c y l i n d r i c a l o r t a p e r e d shape , f l ame a t t h e top , wax m a t e r i a l ’ ,
’ c h a i r ’ : ’ f o u r l e g s , r e c t a n g u l a r s e a t , and b a c k r e s t ’ ,
’ c l i p b o a r d s ’ : ’ smooth f l a t s u r f a c e , c l i p a t t h e t o p t o ho ld p a p e r ’ ,
’ computer ’ : ’ r e c t a n g u l a r s c r e e n and keyboard , r e c t a n g u l a r box f o r CPU and hard − d i s k ’ ,
’ couch ’ : ’ wide s e a t i n g a r e a wi th c u s h i o n s , a r m r e s t s and b a c k r e s t ’ ,
’ c u r t a i n s ’ : ’ d r a p i n g f a b r i c a t t a c h e d t o rods , p l e a t e d o r f o l d e d d e s i g n ’ ,
’ desk lamp ’ : ’ a d j u s t a b l e arm wi th l i g h t sou rce , a t t a c h e d t o a b as e ’ ,
’ d r i l l ’ : ’ h a n d h e l d t o o l w i th r o t a t i n g b i t , o f t e n has a t r i g g e r b u t t o n , c o r d l e s s o r wi red ’ ,
’ e r a s e r ’ : ’ s m a l l r e c t a n g u l a r o r c y l i n d r i c a l , s o f t , r u b b e r m a t e r i a l , o f t e n p ink or w h i t e ’ ,
’ e x i t s i g n ’ : ’ r e c t a n g u l a r o r s q u a r e wi th " e x i t " i n bo ld l e t t e r s , o f t e n r e d o r g r e e n ’ ,
’ f a n ’ : ’ b l a d e s e n c l o s e d i n a g r i l l , b a s e o r s t a n d , o s c i l l a t i n g o r f i x e d ’ ,
’ f i l e c a b i n e t ’ : ’ r e c t a n g u l a r , o f t e n m e t a l l i c , m u l t i p l e drawers , l a b e l h o l d e r s o r h a n d l e s ’ ,
’ f l i p f l o p s ’ : ’ open − t o e des ign , thong s t r a p ove r t h e f o o t , f l a t s o l e ’ ,
’ f l o w e r s ’ : ’ p e t a l s s u r r o u n d i n g a c e n t r a l stem , v a r i e t y o f c o l o r s , o f t e n wi th l e a v e s o r s t ems ’ ,
’ f o l d e r ’ : ’ f l a t r e c t a n g u l a r w i th p o c k e t s o r t a b s , o f t e n made of p a p e r o r p l a s t i c , d e s i g n e d t o ho ld documents ’ ,
’ f o r k ’ : ’ h a n d l e wi th pronged end , t y p i c a l l y m e t a l l i c , used f o r e a t i n g ’ ,
’ g l a s s e s ’ : ’ two l e n s e s c o n n e c t e d by a frame , two arms r e s t i n g on e a r s , o f t e n t r a n s p a r e n t l e n s e s ’ ,
’ hammer ’ : ’ h a n d l e wi th a w e i g h t e d head , claw f o r removing n a i l s , m e t a l l i c head wi th wooden or p l a s t i c h a n d l e ’ ,
’ h e l me t ’ : ’ rounded s h e l l w i th i n t e r n a l padding , s t r a p s t o f a s t e n under t h e ch in , p r o t e c t i v e o u t e r l a y e r ’ ,
’ k e t t l e ’ : ’ rounded body wi th s p o u t and hand le , o f t e n m e t a l l i c o r p l a s t i c , used t o h e a t w a t e r ’ ,
’ keyboard ’ : ’ r e c t a n g u l a r l a y o u t o f keys , l e t t e r s , numbers , and symbols , c o n n e c t e d t o a compute r ’ ,
’ k n i v e s ’ : " s h a r p b l a d e wi th hand le , v a ry i n s i z e ( c h e f ’ s , u t i l i t y , e t c . ) , m e t a l l i c o r c e r a m i c b l a d e " ,
’ lamp shade ’ : ’ c o n i c a l o r c y l i n d r i c a l c o v e r i n g , c o v e r s t h e bu lb o f a lamp , d i f f u s e s l i g h t ’ ,
’ l a p t o p ’ : ’ c l a m s h e l l d e s i g n wi th s c r e e n and keyboard , h i ng ed a t t h e middle , p o r t a b l e ’ ,
’ marker ’ : ’ c y l i n d r i c a l w i th a f e l t − t i p end , cap t o c o v e r t h e i n k e d t i p , v a r i e t y o f c o l o r s ’ ,
’ m o n i t o r ’ : ’ r e c t a n g u l a r s c r e e n , o f t e n s i t s on a s t a n d , d i s p l a y f o r compu te r s ’ ,
’mop ’ : ’ l ong h a n d l e wi th a b s o r b e n t head , used f o r c l e a n i n g f l o o r s , o f t e n wi th d e t a c h a b l e heads ’ ,
’ mouse ’ : ’ palm − s i z e d d e v i c e wi th b u t t o n s , s c r o l l wheel and s e n s o r on t h e bottom , used f o r compute r i n p u t ’ ,
’mug ’ : ’ c y l i n d r i c a l w i th a hand le , o f t e n c e r a m i c o r meta l , used f o r h o t d r i n k s ’ ,
’ no tebook ’ : ’ r e c t a n g u l a r w i th l i n e d or b l a n k pages , s p i r a l −bound or s t i t c h e d , used f o r w r i t i n g ’ ,
’ oven ’ : ’ l a r g e a p p l i a n c e wi th a door , h e a t i n g e l e m e n t s i n s i d e , o f t e n i n c l u d e s r a c k s ’ ,
’ pan ’ : ’ s h a l l o w wi th f l a t bottom , h a n d l e f o r h o l d i n g , used f o r cook ing ’ ,
’ p a p e r c l i p ’ : ’ sma l l , b e n t wire , u− shaped f o r h o l d i n g paper , m e t a l l i c o r c o l o r e d p l a s t i c ’ ,
’ pen ’ : ’ c y l i n d r i c a l w i th an i n k e d t i p , c l i c k o r cap mechanism , used f o r w r i t i n g ’ ,
’ p e n c i l ’ : ’ t h i n c y l i n d r i c a l wood or m e c h a n i c a l body , g r a p h i t e t i p f o r w r i t i n g , e r a s e r on one end ’ ,
’ p o s t i t n o t e s ’ : ’ s m a l l s q u a r e o r r e c t a n g u l a r paper , a d h e s i v e on t h e back , b r i g h t l y c o l o r e d f o r q u i c k n o t e s ’ ,
’ p r i n t e r ’ : ’ r e c t a n g u l a r w i th p a p e r t r a y , o u t p u t s l o t f o r p r i n t e d documents , o f t e n c o n n e c t e d t o a compute r ’ ,
’ push p i n ’ : ’ s m a l l head wi th p o i n t e d m e t a l t i p , used t o a t t a c h t h i n g s t o boards , p l a s t i c o r m e t a l l i c head ’ ,
’ r a d i o ’ : ’ box − l i k e s t r u c t u r e wi th d i a l s o r b u t t o n s , s p e a k e r s and an tenna , may have a d i s p l a y f o r t u n i n g ’ ,
’ r e f r i g e r a t o r ’ : ’ l a r g e box wi th door ( s ) , c o o l i n g compar tment i n s i d e , s h e l v e s and d r a w e r s ’ ,
’ r u l e r ’ : ’ f l a t , s t r a i g h t edge , marked wi th measurements , o f t e n p l a s t i c o r m e t a l ’ ,
’ s c i s s o r s ’ : ’ two b l a d e s j o i n e d a t a p i v o t , h a n d l e s wi th f i n g e r h o l e s , used f o r c u t t i n g ’ ,
’ s c r e w d r i v e r ’ : ’ h a n d l e wi th a long s h a f t , f l a t o r c r o s s − shaped t i p , used t o d r i v e s c r ew s ’ ,
’ s h e l f ’ : ’ f l a t s u r f a c e s a t t a c h e d t o a w a l l o r frame , used f o r s t o r a g e o r d i s p l a y , o f t e n wood or m e t a l ’ ,
’ s i n k ’ : ’ b a s i n wi th f a u c e t f o r water , o f t e n i n s t a l l e d i n k i t c h e n s o r bathrooms , d r a i n s a t t h e bot tom ’ ,
’ s n e a k e r s ’ : ’ c l o s e d − t o e wi th l a c e s o r v e l c r , r u b b e r s o l e f o r g r i p , used f o r c a s u a l wear o r s p o r t s ’ ,
’ soda ’ : ’ c y l i n d r i c a l o r b o t t l e −shaped , l a b e l w i th b rand and i n g r e d i e n t s , o f t e n c a r b o n a t e d ’ ,
’ s p e a k e r ’ : ’ box wi th mesh c o v e r i n g , e m i t s sound , o f t e n c o n n e c t e d t o a u d i o d e v i c e s ’ ,
’ spoon ’ : ’ h a n d l e wi th a bowl − shaped end , used f o r e a t i n g , t y p i c a l l y m e t a l l i c o r p l a s t i c ’ ,
’ t v ’ : ’ l a r g e r e c t a n g u l a r s c r e e n , o f t e n wi th a s t a n d or wal l −mounted , d i s p l a y f o r v i d e o c o n t e n t ’ ,
’ t a b l e ’ : ’ f l a t s u r f a c e wi th l e g s , v a r y i n s i z e and shape , used f o r p l a c i n g o b j e c t s ’ ,
’ t e l e p h o n e ’ : ’ h a n d s e t w i th b u t t o n s o r d i a l , o f t e n c o n n e c t e d by a w i r e o r w i r e l e s s , used f o r communica t ion ’ ,
’ t o o t h b r u s h ’ : ’ h a n d l e wi th b r i s t l e s a t t h e end , used f o r c l e a n i n g t e e t h , o f t e n made of p l a s t i c ’ ,
’ t o y s ’ : ’ s m a l l o b j e c t s d e s i g n e d f o r p lay , o f t e n c o l o r f u l , v a r i e d s h a p e s and m a t e r i a l s ’ ,
’ t r a s h can ’ : ’ c y l i n d r i c a l o r r e c t a n g u l a r w i th an open or c o v e r e d top , used f o r was te d i s p o s a l , o f t e n p l a s t i c o r m e t a l ’ ,
’ webcam ’ : ’ s m a l l camera l e n s a t t a c h e d t o a frame , o f t e n a t t a c h e d t o compu te r s o r mon i to r s , used f o r v i d e o c a l l s ’
}
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