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Motivation

(a) Biased template-sample similarity + class-sample similarity (b) Unbiased template-sample similarity + class-sample similarity
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Figure 1: Impact of template bias on CLIP classification. (a) A biased prompt (“a photo of a ) introduces extra template—sample
similarity that skews attention toward irrelevant regions and inflates incorrect class scores—even when the class name matches
the object. (b) An unbiased prompt removes template bias, so the model focuses on genuinely discriminative features and the
model’s prediction relies solely on class—sample similarity and correct prompt—sample similarity. .



ImagNet SUN  Aircraft EuroSAT Cars Food Pets Flowers Caltech DTD UCF  Avg.
Only class 64.08 60.81  20.97 46.38 63.67 8394 8192 64.67 87.22 4580 63.83 62.12
w/ Template 66.68 6249 2325 42.38 65.40 85.27 8836 67.35 93.38 4432 65.15 64.00
Misclassification Ratio 4.82 6.49 4.32 9.79 .19 239 1.47 4.1 1.29 821 6.18 493

Table 1: Comparison of classification performance using bare class names versus full templates. We define the misclassifica-
tion ratio as (samples correctly classified using only class names but misclassified after introducing templates) / (total
samples). Although templates improve overall accuracy, they also induce errors on a subset of samples that were previously
classified correctly.
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Figure 2: (Left) Correlation between Template-Sample Similarity and classification accuracy on EuroSAT (correlation coetfi-
cients is included in the legend). (Middle) The evolution of the absolute value of correlation coefficients between classification
accuracy and template-sample similarity over the course of 1-shot training on EuroSAT. (Right) The effect of different tem-
plates on overall performance, shown both before and after applying template correction on EuroSAT.



M eth O d We employ the following 25 terms to represent “‘empty’”:

“None”, “ 7, “Vacant”, “BlankVoid”, “Hollow”, “Bare”,
“Desolate”, “Barren™, “Null”, “Naked”, “Devoid”, “Vacu-

Empty Prompts Generation ous”, “Unoccupied”, “Sparse”, “Clean”, “Clear”, “Aban-
doned”, “Forsaken”, “Deserted”, “Uninhabited”, “Unused”,

“Vast”, “Sterile”, “Unfilled”, “Unpopulated”. For example,
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Figure 3: The overall framework for template correction involves three main stages. (a) Empty Prompts Generation: A diverse e (|

set of empty prompts is manually curated to help identify potential template-induced biases. (b) Pretraining Initialization:
These empty prompts are used to detect and correct biases within the CLIP model during the pretraining phase. (c) Few-shot
Fine-tuning Calibration: Finally, the model undergoes fine-tuning with few-shot samples to calibrate its performance and
improve classification accuracy.




Method

R A e S K =
Selecting 25 words and phrases that capture | sample 1 ' & “ Class Empty
the essence of "empty" or "nothing." - E Prompts  Prompts
Original . Sample 2 ’ B ! l l
lgl “None"’llll'IlHollowll‘IIBareli CLIP 3 Sample 3 E V- I 1
= n "N nn n : ! Isua
Ny o el s e Tt Eee [P (y | t5, M;Vy € V,)] =
""" s (LoRA) (LoRA) t;_E' y i s y T —
Template Bias & 'Y y H
Get Thun Calibration Loss l } il :
—
________________________ L P
STTEEPEIRE, o pre : _—
( ] i 1 I I |
! a photo of a None. ! ; i N R : SR—
! a photo of a . ; Ea E:> Sample 2 :
| a photo of a Null. P-r,f}:;;r;d s 1 V! sample3
T : ! ~ - | Cross-entropy Template Bias
ST e — ¢ e Loss Calibration Loss tTn it [ iym |

Figure 3: The overall framework for template correction involves three main stages. (a) Empty Prompts Generation: A diverse
set of empty prompts is manually curated to help identify potential template-induced biases. (b) Pretraining Initialization:
These empty prompts are used to detect and correct biases within the CLIP model during the pretraining phase. (c) Few-shot
Fine-tuning Calibration: Finally, the model undergoes fine-tuning with few-shot samples to calibrate its performance and
improve classification accuracy.
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| E eSl IltS Shots Method ImageNet SUN  Aircraft EuroSAT Cars Food Pets Flowers Caltech DTD UCF  Average

CoOp(4) 68.0 67.3 26.2 509 67.1 826 903 727 932 50.1 707 67.2
CoOp(16) 65.7 67.0 20.8 56.4 67.5 843 902 783 9.5 501 712 67.6
CoCoOp 60.4 68.7 28.1 554 67.6 849 0919 734 941 526 704 6R.8
TIP-Adapter-F 69.4 67.2 28.8 67.8 67.1 858 906 838 94.0 516 734 709
CLIP-Adapter 67.9 65.4 25.2 493 657 861 89.0 713 92.0 442 609 65.7
1 PLOT++ 66.5 66.8 28.6 65.4 638 862 919 80.5 943 546 743 70.7
KgCoOp 68.9 68.4 26.8 61.9 66.7 864 921 747 942 527 728 69.6
TaskRes 69.6 08.1 313 65.4 68.8 8406 902 81.7 936 538 L7 T0.8
MaPLe 69.7 69.3 28.1 29.1 67.6 854 014 749 9.6 500 711 664
ProGrad 67.0 67.0 288 57.0 68.2 849 914 80.9 935 528 733 69.5
LoRA-CLIP T0.4 70.4 302 723 0.1 843 923 832 93.7 543 763 725
OURS T0.5 70.5 322 78.4 70.6 857 929 833 948 545 760 736
CoOp(4) 68.7 68.0 281 66.2 0.5 826 80O 80.9 9.0 537 T35 705
CoOp(16) 67.0 67.0 259 65.1 704 844 B9 88.0 93.1 541 741 T0.8
CoCoOp 701 60.4 203 61.8 684 859 0919 7718 944 523 734 704
TIP-Adapter-F 70.0 68.6 328 732 70.8 860 916 90.1 939 578 762 737
CLIP-Adapter 68.2 67.2 27.0 512 66.6 862 897 .3 934 454 684 66.8
2 PLOT++ 68.3 68.1 313 76.8 732 863 923 808 947 567 768 740
KgCoOp 69.6 69.6 28.0 69.2 68.2 866 923 9.8 945 553 M6 716
TaskRes 70.2 705 327 702 721 856 907 84.4 94.3 556 752 729
MaPLe 70.0 70.7 295 50.4 685 865 918 798 949 0.6 740 705
ProGrad 69.1 69.0 311 66.3 724 848 915 875 93.6 560 756 724
CLIP-LoRA 70.8 713 332 827 732 832 913 808 946 599 800 755
Ours 71.0 7.7 349 833 735 862 919 90.4 951 614 798 76.3
ColOp (4) 607 LG 297 65.8 734 835 923 866 945 385 81 730
CoOp (16) 68.8 69.7 309 69.7 744 845 925 922 945 595 716 740
CoCoOp T0.6 70.4 30.6 61.7 60.5 863 027 815 948 557 753 7.7
TIP-Adapter-F T0.7 70.8 35,7 76.8 741 865 919 92.1 948 598 781 756
CLIP-Adapter 68.6 68.0 279 512 67.5 865 908 73:1 94.0 46.1 706 67.7
4 PLOT++ T0.4 .7 353 832 76.3 865 926 929 95.1 624 798 76.9
KgCoOp 69.9 715 322 T1.8 69.5 869 926 87.0 95.0 587 776 739
TaskRes 71.0 TxT 334 742 76.0 860 919 85.0 5.0 60.1 762 747
MaPLe T0.6 714 30.1 69.9 70.1 867 933 849 95.0 590 771 735
ProGrad T0.2 T3 341 69.6 75.0 854 921 91.1 944 597 719 747
LoRA-CLIP T4 728 319 849 774 827 910 93.7 95.2 638 8LI 774
OURS 71.5 74.0 40.2 87.6 77.7 871 937 948 95.7 656 822 79.1
CoOp(4) T0.8 724 37.0 747 76.8 833 921 95.0 947 637 798 764
CoOp(16) 70.6 719 385 TT:L 79.0 827 913 949 945 648  BOO 6.8
CoCoOp T0.8 T3 24 69.1 70.4 870 933 86.3 949 60.1 759 73.8
TIP-Adapter-F TR 73.5 30.5 213 783 869 918 943 95.2 66.7 820 783
CLIP-Adapter 69.1 TLT 30.5 61.6 0.7 869 919 833 945 505 762 715
8 PLOT++ 713 739 414 88.4 81.3 866 93.0 954 95.5 66.5 828 9.6
KgCaOp 70.2 726 48 739 728 870 930 915 95.1 656 80O T76.0
TaskRes 723 746 40.3 713 79.6 864 920 96.0 953 66.7 BlL6 T4
MaPLe 713 73.2 338 828 71.3 872 931 90.5 95.1 630 795 764
ProGrad 713 730 371.7 77.8 787 861 922 95.0 948 639 BOS 774
CLIP-LoRA 723 747 457 89.7 82.1 831 917 96.3 95.6 675 841 80.3
OURS 72.3 75.5 49.7 91.2 82.5 873 942 96.9 95.9 69.2 B850 81.8
CoOp(4) Ty XS] 40.1 815 70.1 851 924 964 95.5 697  H19 0.0
CoOp(16) TEO 749 432 85.0 829 842 920 96.8 95.8 69.7 831 0.0
CoCoOp 711 726 333 3.6 723 874 934 89.1 95.1 637 772 754
TIP-Adapter-F 734 76.0 44.6 859 823 868 926 96.2 95.7 70.8 839 0.7
CLIP-Adapter 69.8 742 342 714 74.0 871 923 929 949 594 BD2 755
16 PLOT++ 726 76.0 46.7 92.0 84.6 871 936 976 96.0 714 853 82.1
KgCoOp T0.4 733 36.5 76.2 748 872 032 934 95.2 68.7 817 773
TaskRes 73.0 76.1 449 827 835 869 924 975 95.8 715 B840 80.8
MaPLe 7.9 745 36.8 87.5 743 874 932 94.2 954 684  Bl4 T80
ProGrad To.1 75.1 43.0 836 829 858 928 96.6 959 68.8 827 79.9
CLIP-LoRA 73.6 76.1 54.7 92.1 86.3 842 924 98.0 96.4 720 86.7 83.0
Ours 73.6 76.4 574 9224 86.3 876 96 98.2 96.5 728 865 838

Table 2: Detailed results for 11 datasets with the ViT-B/16 as visual backbone. Top-1 accuracy averaged over 3 random seeds is
reported. Highest value is high lighted inbold.



Ablation

Pretrain - - - v W v
Multple - - v - v v
—i—L”} = v v = = v

lshot 723 739 762 733 742 784
4-shot B49 858 869 864 879 816

Table 3: Ablating main components of our model on Eu-
roSAT.

Method ImageNet SUN  Aircraft EuroSAT DTD  Average

Baseline 0.4 0.4 0.2 723 54.3 595
Pull Closer 695 643 30.0 T1.6 519 585
Push Away 684 658 1.9 62.9 45.4 0.7

Ours T0.5 T0.5 32.2 T8.3 54.5 6l.2

Table 4: Evaluation of three TS5 modification strategies.

Pull Closer: reduces the distance between each sample and the
“empty template” (increasing TSS)

Push Away: increases the distance (decreasing TSS)

Ours: enforcing a consistent TSS
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Figure 4: The relationship between template-sample similar-
ity and classification accuracy under different training meth-
ods. Result for 4-shot finetuning on EuroSAT, seed 1.
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Motivation
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Figure 1. (a) Previous training-free diffusion segmentors scale
poorly with the generative power of diffusion models, which in-
spires our study to enable such scaling. (b) We have identified two
gaps from individual cross-attention maps to semantic correlation,
which have been preventing the aforementioned scaling.



Method
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Results

Table 1. Experimental results on standard semantic segmentation benchmarks, evaluated using mloUT. The best and runner-up are ho

and underlined. *Reproduced by us because the original setting is different, details in Section A.

Type Method VOC Context COCO-Object Cityscapes ADE20K
Non.DM MaskCLIP 38.8 23.6 20.6 10.0 9.8
o ReCO 251 199 15.7 19.3 11.2
DiffSegmentor  60.1 2 b 37.9 - -
Pre-Trained DM  MaskDiffusion 29.9 - - 17.1 -
FTTM! 48.9 30.0 34.6 12.3 20.3
SD vl.5 443 423 2 A 11.8 18.0
Vanill SD XL 1.1 3.7 312 16.1 18.6
S Pixart-Sigma 452  37.0 33.4 225 19.1
Flux 2.7 48.4 43.3 25.6 24.5
Baseline SD vl.5 51.1 354 36.9 18.4 21.0
SD vl.5 60.7 40.4 39.2 16.1 22.0
SD XL 65.6 42.3 44.3 21 23.2
Ours s

Pixart-Sigma 63.6 43.2 39.8 220 23.8
Flux e AR 1 0 2




Ablation

Table 5. Ablation results to compare different similarity metrics for head- and layer-wise aggregation.

Head Lﬂ}' er RE bﬂﬂling S D V 1 : 5 SD XL Model Head Metric  Layer Metric  mloU (Context)

dot-product  dot-product 404

£ - ? 12-norm dot-product £2.(

Vanilla  Vanilla Vanilla 44.3 51.1 SDv1.5 cosine - doteproduc 420
& i 0[-]]1‘0 uct mse g

Vanilla Manual Vanilla 51.1 o dot-product  iou-like 392
dot-product  dot-product 12.

+ . 12-norm dot-product 40.3

Ours Vanilla Vanilla 44 .8 56.1 — g g o i

Vanilla  Ours Vanilla 52.1 513 e o L

Vanilla  Vanilla Ours 52.6 514 il e

PixArt-Sigma  cosine dot-product 412

Ours Ours Ours 60). DI o




