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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 / into M non-overlapping
fixed-size patches. Each patch is mapped to a patch embedding Py € RM*4r, 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 P,_; are augmented with a learnable class token c¢;_;, forming the
input for the next transformer block 7;:

[ci,R] =Ti([ci-1,Pi1]),i=1,2,..K. (1)

The output of the final transformer block is the class token cg, 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 € R% and d, is the dimensionality of the image representation. The text encoder
processes the tokenized words by mapping them to embeddings Ey = [e(l), e%, . ef)v ] € RVxdi,
where N is the number of tokens and d; is the embedding dimension. These embeddings
undergo K transformer layers, with each layer updating the embeddings through a function
Si,

E; =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(ey ), 4)

where U € R%,

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 / with its corresponding represen-
tation V, the predicted class y is obtained by calculating the normalized similarity between
the image and all class prompts. The probability of predicting a class y given an image [ is
expressed as:

exp(cos(V,Us) /1)
Y& exp(cos(V,U;) /1)’
where cos(V, U;) represents the cosine similarity between the image representation V and the
class text embedding U;, and 7 is a temperature parameter that controls the sharpness of the
similarity scores.

pOIV) = )

2 Experimental Setup

Datasets. We evaluate our proposed method on three benchmark image classification datasets:
Office-Home [8], DomainNet [6], MinilmageNet/CUBI[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. MinilmageNet 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. MinilmageNet/CUB focuses on the generalization capability of
a model from a diverse but generic dataset (MinilmageNet) 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.



{
“alarm_clock’: “circular or_square_face, large_numbers, clock, hands’,
"backpack’: ’'rectangular_or_oval_shape_with_a_handle,_straps_for_shoulders, zippers,_pockets, buckles’,

“batteries ‘cylindrical shape,_polarity indicators , brand_or_label_markings’,

‘bed’: ’large flat _surface with_rectangular _frame,_headboard_and/or_footboard, elevated_off_the _ground’,
*bike’: “two_wheels, frame_with _pedals, _handlebars,_chain_and_gear_system’,

“bottle’: “cylindrical_shape_or_flask —shaped_or_bell —shaped,_with_a_neck_and_cap’,

"bucket’: ‘cylindrical_shape_with_an_open_top,_handle_for_carrying’,

“calculator’: ’number_pad_with _function_keys, rectangular_shape, _display_screen_for_numbers’,

‘calendar’: ’grid_layout,, often_shows_numbers as_months_and_days’,

*candles’: ’cylindrical _or_tapered_shape, flame_at_the _top,_wax_material’,

“chair’: “four_legs ., rectangular_seat,_and_backrest’,

*clipboards’: ’smooth_flat _surface , clip _at _the_top_to_hold _paper’,

computer’: “rectangular_screen_and_keyboard,_rectangular_box_for_CPU_and_hard-disk’,

“couch’: “wide_seating_area_with_cushions, armrests_and_backrest’,

‘curtains *draping _fabric_attached_to_rods, _pleated_or_folded_design’,

“desk_lamp’: “adjustable_arm_with_light_source, attached_to_a_base’,

*drill *: “handheld tool_with rotating bit, often_has_a_trigger button, cordless or_wired’,

“eraser ': ’small_rectangular_or_cylindrical , soft,_rubber_material , often_pink_or_white’,

“exit_sign’: ‘rectangular_or_square_with_"exit"_in_bold_letters , often_red_or_green’,

“fan’: ’blades_enclosed _in a_grill , base_or stand, oscillating_or fixed’,

*file_cabinet’: “rectangular ,_often_metallic ,_multiple_drawers, label_holders_or_handles’,

“flipflops *: “open—toe_design, _thong_strap_over _the_foot, flat_sole’,

‘flowers’: ’petals_surrounding, a_central_stem,_variety_of_colors,_often_with_leaves_or_stems’,

*folder’: *flat_rectangular_with_pockets_or_tabs, often_made_of_paper _or_plastic ,_designed_to_hold_documents’,
“fork’: 'handle_with pronged_end, typically metallic, used_for_eating’,

*glasses’: ’“two_lenses_connected_by_a_frame, two_arms_resting _on_ears ,_often_transparent_lenses’,
“hammer’: “handle_with_a_weighted_head, _claw_for_removing_nails , metallic_head_with_wooden_or_plastic _handle’,
“helmet ‘rounded,  shell _with_internal_padding, straps _to fasten_under_the _chin, protective_outer_layer’,
"kettle ': “rounded_body_with_spout_and_handle,_often_metallic_or_plastic , used_to_heat_water’,

*keyboard’: ’rectangular_layout_of_keys, letters ,_numbers, _and,_symbols,_ connected_to_a_computer’,

‘knives': "sharp_blade_with_handle,_vary_in_size_(chef’s,_ utility ,_etc.),_ metallic_or_ceramic_blade",
"lamp_shade’: ’conical_or_cylindrical_covering, _covers_the_bulb_of_a_lamp,_diffuses_light’,

“laptop’: “clamshell design_with _screen _and_keyboard, hinged_at_the_middle, portable’,

"marker *cylindrical _with_a_felt —tip _end,_cap_to_cover_the_inked_tip ,_variety_of_colors’,

monitor’: ’rectangular_screen, _often_sits _on_a stand,_display_for _computers’,

'mop’: 'long_handle with_absorbent_head, used_for_cleaning, floors, often, with_detachable_heads’,

"mouse’: ‘palm-sized _device_with_buttons ,_scroll_wheel_and_sensor_on_the_bottom,_used_for _computer_input’,
‘mug’: “cylindrical_with_a_handle,_often_ceramic_or_metal,_used_for_hot_drinks’,

"notebook’: ’'rectangular,_with_lined _or_blank_pages, spiral -bound_or _stitched , jused_for_writing’,

‘oven’: ’large appliance_with_a_door, heating _elements_inside ,_often_includes _racks’,

‘pan’: “shallow_with flat_bottom, handle_for_holding , used_for_cooking’,

*paper_clip’: ’small,_bent_wire,_u-shaped_for_holding_paper,_metallic_or_colored_plastic’,

‘pen’: “cylindrical _with _an_inked _tip,_click_or_cap_mechanism, _used, for_writing’,

“pencil’: “thin_cylindrical _wood_or_ mechanical_body, graphite tip for  ,writing , eraser,on_one_end’,
‘postit_notes’: 'small_square_or_rectangular_paper,_adhesive_on_the_back,_ brightly _colored_ for_quick_notes’,
‘printer’: ‘rectangular_with_paper_tray ,_output_slot,_for_printed_documents,_often_connected_to_a_computer’,
"push,_pin’: ’small_head_with_pointed, metal tip, bused_to _attach _things to_boards, plastic_or_metallic_head’,
*radio’: 'box-like _structure_with_dials _or_buttons ,_ speakers_and_antenna ,_may_have_a_display_for tuning’,
‘refrigerator’: “large _box, with_door(s), cooling compartment_inside , shelves _and_drawers’,

‘ruler’: “flat, straight_edge,_ marked_with_measurements, _often_plastic_or_metal’,

*scissors’: “two_blades _joined, at_a_pivot, handles_with_finger_holes, used_for_cutting’,

"screwdriver’: “handle_with _a_long_shaft, flat_or_cross—shaped_tip, used_to_drive_screws’,

*shelf’: *flat_surfaces_attached_to_a_wall_or_frame,_used_for_storage _or_display ,_often_wood_or_metal’,
“sink’: ’basin_with_faucet_for _water, often_installed _in_kitchens_or_bathrooms, drains_at_the_bottom’,
*sneakers’: ’closed-toe, with_laces _or_velcr,_ rubber_sole_for_grip, used_for_casual_wear_or_sports’,
*soda’: 'cylindrical_or_bottle —shaped,_label_with_brand _and_ingredients , often_carbonated’,

“speaker’: “box_with_mesh_covering, emits_sound,_often_connected _to_audio_devices’,

*spoon’: ’handle_with_a_bowl-shaped_end, _used_for_eating , typically_metallic_or_plastic’,

tv’: “large_rectangular_screen,_often_with_a_stand_or_wall-mounted,_display_for_video_content’,

“table ": “flat surface_with_legs, vary_in_size and_shape, used_for_placing_objects’,

“telephone ': “handset_with_buttons _or_dial ,_often_connected_by a_wire_or_wireless ,_used_ for_communication’,
"toothbrush’: *handle_with _bristles _at_the_end, _used _for_cleaning _teeth , often_made _of_plastic’,

“toys’: ’small_objects _designed for_play, often_ colorful , varied_shapes _and_ materials’,

“trash_can’: “cylindrical _or_rectangular_with_an_open_or_covered top, used_for_waste_disposal , often_plastic_or_metal’,
“webcam’: *small_camera_lens _attached _to_a_frame, often_attached _to_computers_or_monitors, used_for_video_calls’
}
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